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Abstract: Target detection of small samples with a complex background is always difficult in the classification of remote sensing images. We propose a new small sample target detection method combining local features and a convolutional neural network (LF-CNN) with the aim of detecting small numbers of unevenly distributed ground object targets in remote sensing images. The k-nearest neighbor method is used to construct the local neighborhood of each point and the local neighborhoods of the features are extracted one by one from the convolution layer. All the local features are aggregated by maximum pooling to obtain global feature representation. The classification probability of each category is then calculated and classified using the scaled expected linear units function and the full connection layer. The experimental results show that the proposed LF-CNN method has a high accuracy of target detection and classification for hyperspectral imager remote sensing data under the condition of small samples. Despite drawbacks in both time and complexity, the proposed LF-CNN method can more effectively integrate the local features of ground object samples and improve the accuracy of target identification and detection in small samples of remote sensing images than traditional target detection methods.
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1  Introduction

With the continuous development of satellite-borne sensors, remote sensing technology has become an important means of surveying the Earth’s resources and monitoring the ecological environment, with ever-increasing fields of application [1–3]. Remote sensing images contain many different types of targets and these targets are unevenly distributed. It is difficult to establish databases of target images as a result of these small sample sizes, especially in remote areas with poor access—for example, there are usually only a few images of targets in the oceans and in grasslands. It is therefore difficult to obtain effective training samples for target detection in remote sensing images and the distribution of different types of targets is unbalanced. In addition, the color of targets in remote sensing images is often mixed with the background and the size of the targets varies greatly, which ultimately leads to weakening of the target’s features in the camera’s field of view. It is particularly important to realize the robust discrimination of target types when detecting the features of target information from remote sensing images with small samples using deep learning theory.

Target detection from remote sensing images is usually achieved by methods based on the visual interpretation of pixels, but these methods have obvious limitations [4,5]. Object-oriented methods make full use of the pixel spectrum and features such as space and the shape and texture of ground-based objects [6–8]. These methods are good at detecting targets and have some advantages. However, the application of object-oriented methods and their detection accuracy are limited by difficulties in setting a reasonable segmentation window and classification features during object segmentation. With the recent explosion in the amount of remote sensing data, traditional classification methods for remote sensing images can no longer meet the needs of high-precision remote sensing applications [9]. Some of the new target detection methods in remote sensing—such as neural networks, expert systems, and support vector machines [10–14]—can only be used in specific applications and are not generally applicable in different fields.

The deep learning method originated from artificial neural networks. This method attempts to abstract data at a high level using multiple processing layers consisting of complex structures and multiple nonlinear transformations. To some extent, deep learning overcomes the ambiguity and uncertainty in the traditional target detection methods used in remote sensing. In these methods, a convolutional neural network (CNN) is a typical representative structure of the deep neural network model. The k-nearest neighbor (KNN) method is a non-parametric pattern recognition classification algorithm based on statistics and is mainly used for time series prediction. It has been widely used in fields including text classification, the prediction of short-term water demand, and annual average rainfall forecasts [15–18]. However, the KNN method needs to continuously store the known training data during the learning process and requires a large amount of RAM [19,20]. The VGG-16 model includes a convolution layer, a full connection layer, and a pooling layer. It has the advantage of fewer network structure parameters and can learn complex image-level features more effectively [21,22]. As a result of its powerful feature representation capability, CNN is currently widely used in many fields [23–26].

To address these problems, we propose a small sample target detection method for the classification of remote sensing images that combines local features with CNN. Our proposed method can integrate the local features of ground object samples and improve the accuracy of target identification and detection in small samples of remote sensing images.

Three contributions are presented:

(1) We propose the construction of a new small sample detection model: the LF-CNN method. This method first constructs the local neighborhood by the KNN technique and extracts features from the CNN convolution layer. It then aggregates the features from the largest pool layer to obtain robust local features and calculates the membership grade of the small sample targets using the full connection layer before realizing detection and classification.

(2) We propose the detection of small samples from remote sensing images based on CNN with local features (LF-CNN). This method improves the detection efficiency and precision of small samples in remote sensing classifications.

(3) We test and verify the LF-CNN method via hyperspectral imager (HSI) datasets. The proposed LF-CNN method effectively integrates the local features of ground object samples and improves the accuracy of target identification and detection in small samples of remote sensing images without considering the amount of time required for computation and the computational complexity.

The remainder of this paper is structured as follows. Section 2 discusses related work based on small sample target detection and deep learning in remote sensing classification. Section 3 presents details of our small sample target detection method with local features and CNN. Section 4 describes the experimental design and Section 5 presents our results and discussion. Our conclusions and plans for future work are presented in Section 6.

2  Related Work

Small sample learning can learn task-specific information from only a single sample or a small number of samples in each category. The early algorithms for small sample learning are mainly based on sparse representation and Bayesian theory [27–29]. However, these methods are primarily designed for specific problems and the universality of the model is poor. With the rise of deep learning techniques, small sample learning has gradually focused on generative adversarial networks and measurement learning, which has greatly improved the general applicability of the model.

Generative adversarial network learning generates a variety of potentially variable samples. It can provide strong regularization properties for the network and improve the accuracy of the small sample classifier. An improved code-decoding network [30] was designed to generate new samples and then to be trained using these new samples. Samples in the center of similar samples [31] were generated by the attention mechanism, which can extract implied information about the category structure. The classification model tries to learn the optimum decision boundary, but it is difficult to find the decision boundary among similar categories, especially under small sample conditions.

Meta-generated adversarial networks were proposed to overcome these issues [32]. These networks generate data as close to the decision boundary as possible and mine a more accurate classification decision boundary. Although this method improves the classification effect, the networks require many training samples in the target domain and the scope of application is limited. In metric learning, twinning networks [33], matching networks [34], and prototype networks [35] first appeared with the k-means proposal. Small sample learning was gradually transformed into an inference problem on the partial observable graph model based on graphical neural networks. Covariance measurement networks [36,37] use relatively rich local descriptors to represent features and second-order information to represent categories, which effectively improves the performance of small sample learning. At present, small sample classification methods based on measurement learning are mostly improvements of this type of network. By considering the local information of samples, the intra-category similarities and differences, and the inter-category differences are captured to improve the accuracy of classification.

A meta-learning model based on long short-term memory (LSTM) networks was presented within the deep learning model under the condition of insufficient training samples [38] and an optimization algorithm was constructed. Optimization algorithms for model-independent meta-learning and Reptile meta-learning have been reported [39]. These two meta-optimization methods are both based on the gradient and are model-independent [40]. Subsequently, a meta-transfer algorithm [41] was proposed and used to train a deep neural network model to make it suitable for multiple tasks by learning different scales and migration functions. However, although small sample classification algorithms based on deep learning have made some progress, they still cannot effectively extract image features [42]. LSTM can realize small sample target detection by transfer learning, but is dependent on the source domain and is difficult to apply when there are large differences from the source domain [43–45]. A small sample target detection method based on Fasters-RCNN [46], metric learning [47], and meta-learning [48] has emerged for use when there is a large number of samples in the source domain and a small number of labeled samples in the target domain. At present, there have been fewer achievements in small sample target detection. The existing methods are weak in universality and cannot effectively solve the problem of small samples.

In summary, the traditional target detection methods mainly have the following two issues:

(1) The methods focus on enhancement and detection of the remote sensing image and the ability to extract features is weak. The training sets are mostly synthetic fuzzy images and existing work has mainly solved small samples in the target domain based on domain adaptation.

(2) The samples in remote sensing images are not the same in each category and the distribution is unbalanced in practical applications. The small sample learning therefore only uses a few samples for each category and cannot make full use of the limited number of samples collected.

3  Methods

3.1 VGG16 Model

We assume that the input of each layer in the VGG16 network is a 3D matrix rl×cl×sl, where rl and cl are the spatial dimensions of layer l, respectively, and sl is the characteristic dimension. X0 is the input data, xil∈Rrl×cl is the ith feature map of layer l, the ith feature map of the l layer (as input data). The relation between the jth feature map and the l feature graph in the (l + i) layer is then defined as


xjl+1=f(∑i∈Mlxil⋅kijl+1+bjl+1)
(1)

where Ml is the input feature set and each output graph is the convolution combination of the input graph, bjl+1 is the offset term, f(⋅) is the activation function, kijl+1 is the convolution kernel connecting the ith feature graph of the l layer and the jth graph of the (l + 1) layer and k is a 4D matrix ω1×ω2×Ml×Ml+1, where and ω2 are the kernel scales.

By stacking multiple small-scale convolution kernels and introducing multiple nonlinear layer operations, the VGG16 network improves the ability to learn complex features, reduces the optimization parameters of the model and has stronger model generalization.

3.2 KNN Model

If we assume that the nearest neighbor of any sample in n-dimensional space can be defined by the Euclidean distance [30], then, for the eigenvector x=(x1,x2,⋯,xi) of any sample x, the distance between two samples xm and xn in 2D space is defined as


d(xm,xn)=∑k=1S(xmk−xnk)2
(2)

where xi is the ith eigenvalue of sample x and x1,x2,⋯,xk are the KNN samples in the training set.

3.3 LF-CNN Method

For functions expressed by the deep network fθ, we assume that its corresponding labels are denoted as (xi,yi) and Sj is the sample set of the j-category in the supporting set. Consequently, the prototype probability of each category is defined as


cj=1k∑(xi,yi)∈Sjfθ(xi)
(3)

Given a distance metric d, the distribution of the prototype network based on the distance between the query sample and other prototypes is defined as


p(y⌢i=j|xi)=exp⁡(−d(fθ(xi),cj))∑jexp⁡(−d(fθ(xi),cj))
(4)

For each image, after feature extraction by CNN, a local feature is generated after embedding the feature with the convolution layer, the pooling layer and the activation function layer. The image embedding representation that integrates local features is then obtained. By averaging the feature embedding of the samples in the support set of each category, the probability that the prototype of each category belongs to this category is obtained. In our experiment, the triplet loss cost function is introduced to enhance the ability to express features and reduce network complexity under the condition of small samples. The triplet loss formula is presented as follows:


max(0,δ+d(fθ(xi),fθ(xi+))−d(fθ(xi),fθ(xi−)))
(5)

where δ is the interval, xi+ are the samples belonging to the same category (positive example) and xi− are the samples belonging to different categories (negative example).

Fig. 1 shows the framework of our proposed FL-CNN method. The size of the convolution kernel is (3 × 3) and the step size of the pooling layer is 2.
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Figure 1: Framework of the proposed FL-CNN method

Fig. 1 shows that the proposed FL-CNN method includes a convolution layer, a pooling layer, and a full connection layer, in addition to the KNN embedded in the CNN network. The detailed process is follows:

Step 1. Input the original data and form a tensor with (n × 3) dimensions using the VGG16 model.

Step 2. Construct the local neighborhood of each point and obtain three feature graphs with (n × k) dimensions.

Step 3. Form 64 feature graphs with (n × k) dimensions after the convolution operation.

Step 4. Generate a feature vector with (1024 × 1) dimensions after the third pooling operation, which is classified by the full connection layer.

Step 5. Convert the output of the full connection layer by the scaled expected linear units function to the corresponding probability.

Compared with the other activation functions, the scaled expected linear units function has a stronger model robustness and scaling factor. The output of each layer of the CNN is automatically normalized to a Gaussian distribution with the mean value close to 0 and the variance close to 1.

The corresponding attribution probability of each category is defined as


δSELU(x)=λ{x,if x>0a(ex−1)if x≤0
(6)

where λ is the scale factor, λ = 1.05 and α = 1.67.

4  Experiment

We conducted several experiments to evaluate the proposed LF-CNN method.

4.1 Dataset

The proposed LF-CNN method was used with real open HSI remote sensing datasets. To improve the effectiveness and detection accuracy of the LF-CNN method, the HSI image dataset was pre-processed with geometric correction and image registration and then trained and tested on the computing platform. The LF-CNN method under the condition of small samples was then tested and evaluated on an HSI image, which has 115 channels ranging from 450 to 950 nm and covers (500 pixels × 500 pixels).

We used an HSI image representing a rural area. Fig. 2 shows the HSI false color composite image (Bands 68, 41, and 99). Based on a field survey, the rural areas were grouped into six classes corresponding to six categories of land cover (Classes 1–6).
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Figure 2: HSI false color composite image (bands 68, 41, and 99)

The spatial distribution characteristics of the HSI are predicted by the filter parameters learned in a fully convolutional network-8s (FCN-8s). The FCN-8s network in the VGG16 model not only better fits the nonlinear structure of the data and improves the expression of the model, but also reduces the computational complexity while maintaining the overall fitting cost. Based on detailed information about the front layer, it can obtain a more refined segmentation map by combining the local spatial features at multiple scales. This advantage is more obvious for data with a complex spatial structure. Compared with the existing extraction methods for spatial features based on deep learning, the FCN-8s is a pixel-level end-to-end feature learning structure. It is more flexible in spatial structure learning and has distinct advantages in computational complexity. Fig. 3 shows the spatial distribution of the HSI based on the FCN-8s/VGG16 model.

Fig. 3 shows that the 21 feature maps correspond to 21 neurons in the final prediction layer. Different targets can produce individual responses in each neuron and the addition of local feature information allows the network to extract better information about local details. Figs. 3a–3u show clear differences among the spatial distribution maps.
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Figure 3: Spatial distribution of the HSI images based on FCN-8s/VGG16, (a)–(u) is the feature maps of the predicted spatial distribution in the HSI data, respectively.

4.2 Training Details

The LF-CNN method was tested and implemented in Python 3.7, the deep learning framework of TensorFlow 2.0, trained in a CUDA-Toolkit 8.0 with an Intel Xeon E5-2620 v4 CPU, NVIDIA Quadro M4000 GPU and 8 GB of RAM, and a Linux Ubuntu 16.04 system installed on high-performance computers. The number of data samples was 2631, 2258, 1874, 2801, 728, and 1825 pixels, respectively. The adaptive moment estimation (Adam) was used to optimize the CNN model and the initial learning rate was 0.002, the momentum was 0.8, the batch size was 64, and the dropout rate was 0.5. In the network training, the initial weight W0 was initialized as a random number of Gaussian distributions and the initial deviation B0 was set to 0. The parameters of the trained FCN-8s network were migrated to extract the underlying structural information of the HSI data and the 21 feature maps of the last prediction layer in the FCN-8s network was regarded as the predicted spatial distribution of the HSI data.

4.3 Evaluation Index of Target Detection

The performance of proposed LF-CNN method was tested and evaluated by the overall accuracy (OA) and the kappa coefficient. To obtain more accurate evaluation results, the average classification results of 50 experiments were calculated and used for the statistical analysis.

The OA of target detection can be obtained by


OA=1N∑i=1rxii
(7)

where N is the total number of all the real reference pixels, xii is the diagonal of the confusion matrix and r represents the different types of target.

The kappa coefficient can be obtained by


Kappa=N∑i=1rxii−∑i=1r(xi+×x+i)N2−∑i=1r(xi+×x+i)
(8)

where i+ is the matrix row element and +i is the matrix column element.

The range of the kappa coefficient is generally from −1 to 1. Table 1 shows the relationship between the numerical distribution of the kappa coefficient and consistency.
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5  Results and Discussions

5.1 Algorithm Performance

Figs. 4 and 5 show the training loss and accuracy, respectively, of the proposed LF-CNN method. The proposed LF-CNN method converges when the number of training samples reaches 500, when the target detection accuracy is highest and tends to be stable and the loss is low.
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Figure 4: Training loss value curve of the LF-CNN method
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Figure 5: Training accuracy curve of the LF-CNN method

Table 2 shows the training and testing accuracy of proposed LF-CNN method compared with other methods. The accuracy of the proposed LF-CNN method reaches 90.5% on the training set and the loss reaches 0.33, both of which are better than the traditional CNN, CRNN, and LSTM methods. The accuracy of the proposed LF-CNN method reaches 83.2% in the test set, which is also better than the testing accuracy of the three earlier methods. This shows that the proposed LF-CNN method can effectively detect small sample targets from remote sensing images.

[image: images]

5.2 Influence of Different k Value

In constructing the local neighborhood using the KNN method, the local structure with k nearby points is different, which will affect the detection and classification of small sample targets. Table 3 shows the small sample target detection accuracy of the LF-CNN method under different k-value conditions.

[image: images]

Table 3 shows that with an increase in the number of adjacent k-value points, the overall classification accuracy of the proposed LF-CNN method is continuously improved and the increased range of the total accuracy gradually decreases. To avoid the impact of the small number of local features on the recognition and classification results, the local neighborhood must contain a certain number of features during construction. However, with an increase in the k-value, both the local neighborhood and the training time increase.

5.3 Comparison of Different Methods

To obtain more accurate feature extraction information, the local feature is extracted and fused to the CNN model to reach the global features. To some extent, this clarifies the boundary location of low-resolution data. Fig. 6 shows the classification results for HSI remote sensing images obtained using different methods.

The traditional CNN, CRNN, and LSTM models were introduced to evaluate the classification accuracy of the proposed LF-CNN method (Table 4). The LF-CNN method produced the highest overall classification accuracy on the HSI data of about 90.32% and the kappa coefficient reached 0.8792. The LF-CNN method produced good classification results based on Table 1. The LF-CNN method had a clear classification advantage compared with the CNN, CRNN, and LSTM methods. From the perspective of targets, the accuracy of the single category target information obtained by the LF-CNN method was better than the single classification effect of other methods. Among the different types of target information, the detection results for Classes 4 and 5 were confused, whereas the degree of confusion was weak in the other categories. This is mainly because the spectral characteristics of the ground objects in Classes 4 and 5 were similar, which can lead to misclassification. This is consistent with Figs. 6b and 6c. Although the confusion between Classes 4 and class 5 was serious, the proposed LF-CNN method can achieve a high classification accuracy and ensure spatial consistency at a high level.

[image: images]

Figure 6: Classification results of HSI remote sensing images. (a) LF-CNN, (b) CNN, (c) CRNN, and (d) LSTM
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5.4 Time Complexity Analysis

Table 5 compares the operational time in different experiments. The average value of 50 experiments was counted as the operation time under different sample sizes.
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Table 5 shows that the proposed LF-CNN method requires a longer operation time than the CNN, CRNN, and LSTM methods. This is mainly because the radius of the optimum neighborhood window is small in the LF-CNN method. Under the condition of small samples, the disadvantage of many repeated calculations gradually becomes more important and the computational complexity increases sharply. This is clearly seen when the sample size of each category is <400. The proposed LF-CNN method has a slightly higher time complexity than the other three methods, but the running time does not increase sharply with increasing sample size. The gap is therefore within an acceptable range under normal circumstances.

5.5 Influence of Different Sample Size

Fig. 7 shows the classification accuracy of different methods as the number of training samples changes. Fig. 7 shows that under the condition of small samples, particularly a small number of training samples, the classification accuracy of the proposed LF-CNN method is significantly better than that of the CNN, CRNN, and LSTM methods. The classification accuracy of the different methods also gradually increases with an increase in the number of training samples. The classification accuracy of different methods gradually becomes stable when the number of samples reaches 500.

The classification accuracy of the LF-CNN method reaches 97% when the number of training samples reaches 200. The LSTM method achieves the highest classification accuracy of the different methods for the same number of the training sample conditions. A greater number of training samples is required to achieve the highest classification accuracy for the CNN and CRNN methods than for the LF-CNN and LSTM methods. The classification accuracy of the different methods does not increase significantly with an increase in sample size. This shows the applicability and accuracy of the proposed LF-CNN method under small samples conditions.
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Figure 7: Relation between the accuracy of different methods and the number of training samples

6  Conclusions and Future Work

The distribution of target samples is usually unbalanced in remote sensing images and the number of samples is small, limiting classification. The rapid development of deep learning techniques has brought new ideas to small sample target detection in remote sensing images. The excellent performance of the CNN method in optical images has led to its application in the classification of remote sensing images. We used the LF-CNN method in combination with local features and CNN to detect small numbers of sample targets and verified our method with HSI remote sensing images. The proposed LF-CNN method significantly improved the accuracy of small sample target recognition and detection in remote sensing images compared with traditional remote sensing classification methods via the fusion of local features.

This work provides useful results for small sample target detection. Our main conclusions are as follows:

(1) We fused local features into the VGG16 model. The proposed LF-CNN method refines the edge detection ability of the CNN model for low-resolution images.

(2) We verified the proposed LF-CNN method in terms of algorithm performance, k-value, time complexity, and sample size. The method is both practical and accurate.

(3) We introduced the LF-CNN method into the HSI remote sensing classification to expand the range of application of the traditional CNN method.

Although the proposed LF-CNN method achieved good accuracy in target detection and the classification of HSI remote sensing images, the calculations are time consuming and the selection of the model parameters and the k-value require further optimization. The design and performance verification of this model were mainly carried out on HSI remote sensing images and we need to verify whether it is applicable to other high- and medium-resolution remote sensing datasets. The proposed LF-CNN model only has a few layers and it is difficult to extract deeper target information features. An increased number of layers in the network model is required but without significantly increasing the amount and complexity of computation. We plan to carry out new experiments and tests in these areas.
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Table 1: Relationship between the numerical distribution and consistency
Rank 1 2 3 4 5

Kappa coefficient 0.0-0.20 0.21-0.40 0.41-0.60 0.61-0.80 0.81-1
Consistency Slight Fair Moderate Substantial Almost perfect





OEBPS/Images/table-3.png
Table 3: Relationship between the & number and the accuracy of the LF-CNN method

k-value Accuracy (%) Time (s)
5 85.1 132
10 87.8 154
15 89.2 186
20 90.6 197
25 91.2 205

30 91.5 212
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Table 4: Comparison results of different methods

Accuracy (%)
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Table 2: Training and testing accuracy of LF-CNN method compared with other methods

Training loss Training accuracy Test accuracy
CNN 0.42 85.2 79.5
CRNN 0.46 83.8 76.6
LSTM 0.39 87.6 81.4

LF-CNN 0.33 90.5 83.2





OEBPS/Images/CMES_19202-fig-5.png
Accuracy

1.0

0.8 -

0.6 1

0.4 1

0.2 1

0.0 4

— LF-CNN

100

200

300 400
Training number

500 600 700





OEBPS/Images/table-5.png
CNN
CRNN
LSTM
LF-CNN

Table 5: Comparison of the operation time of different methods
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