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Abstract


The advancement in satellite image sensors has enabled the acquisition of high-resolution remote sensing (HRRS) images. However, interpreting these images accurately and obtaining the computational power needed to do so is challenging due to the complexity involved. This manuscript proposed a multi-stream convolutional neural network (CNN) fusion framework that involves multi-scale and multi-CNN integration for HRRS image recognition. The pre-trained CNNs were used to learn and extract semantic features from multi-scale HRRS images. Feature extraction using pre-trained CNNs is more efficient than training a CNN from scratch or fine-tuning a CNN. Discriminative canonical correlation analysis (DCCA) was used to fuse deep features extracted across CNNs and image scales. DCCA reduced the dimension of the features extracted from CNNs while providing a discriminative representation by maximizing the within-class correlation and minimizing the between-class correlation. The proposed model has been evaluated on NWPU-RESISC45 and UC Merced datasets. The accuracy associated with DCCA was 10% and 6% higher than discriminant correlation analysis (DCA) in the NWPU-RESISC45 and UC Merced datasets. The advantage of DCCA was better demonstrated in the NWPU-RESISC45 dataset due to the incorporation of richer within-class variability in this dataset. While both DCA and DCCA minimize between-class correlation, only DCCA maximizes the within-class correlation and, therefore, attains better accuracy. The proposed framework achieved higher accuracy than all state-of-the-art frameworks involving unsupervised learning and pre-trained CNNs and 2–3% higher than the majority of fine-tuned CNNs. The proposed framework offers computational time advantages, requiring only 13 s for training in NWPU-RESISC45, compared to a day for fine-tuning the existing CNNs. Thus, the proposed framework achieves a favourable balance between efficiency and accuracy in HRRS image recognition.
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1. Introduction


The rapid development of remote sensing satellite technology has allowed for the acquisition of high-resolution remote sensing images. High-resolution remote sensing (HRRS) images have been widely used in various fields, including urban planning [1], land use [2,3] and scene classification [4,5,6,7].



The complexity presented by HRRS images poses a major challenge for scene recognition. Deep convolutional neural networks (CNNs) have been successful in classifying HRRS images [8,9,10]. The success of CNN is attributable to its high representational power afforded by the compositional nature of hierarchical models. These models generate high-level features by composing lower-level features. CNNs performing HRRS scene classification can be categorized into three major types: fully trained, fine-tuned and pre-trained networks [4]. Training a CNN model from scratch is computationally intensive and requires a long training time. In addition, millions of images are required to train a CNN, but such large labelled datasets are limited in availability [11]. Fine-tuning a previously trained CNN was proposed to address the difficulties encountered in training a CNN from scratch. This approach optimizes the parameters of a previously trained CNN based on the target dataset. Although less time consuming than fully trained networks, fine-tuning a network still requires substantial training time [4]. Pre-trained CNN is the most computationally efficient. Although it is associated with a classification accuracy slightly lower than fully trained and fine-tuned networks [4], pre-trained CNNs, with suitably designed post-processing techniques, can still provide a high classification accuracy for HRRS images [2,4,5,6,12]. For example, Flores et al. [12] used the ResNet-50 CNN pre-trained network to extract deep features to build a dictionary, and then added sparse constraints to obtain the final image features for classification. Cheng et al. [2] proposed using features extracted from a pre-trained network to construct a dictionary. A global histogram was then employed to encode the features. Finally, the support vector machine (SVM) was used to classify the scene.



Combining features extracted by different techniques is a commonly used strategy for improving classification performance. For example, the local binary pattern (LBP) and scale-invariant feature transform (SIFT) were combined to improve the scene classification performance [13]. With the advent of CNN, methods were proposed to combine features extracted at different layers of a CNN. Song et al. [14] proposed a deep feature fusion network that combines the features extracted at different layers for hyperspectral remote sensing image recognition. Li et al. [10] proposed an adaptive multi-scale deep residual network trained by learning the weights, which represent the importance of features, to improve the classification performance. The network is adaptive as weights of various features were tuned during the training phase. Chaib et al. [5] applied the discriminant correlation analysis (DCA) to fuse the features of different connection layers of the VGG network, and achieved excellent results in high-resolution remote sensing scene recognition.



While the methods described above allow for the effective feature integration of deep features, they attempted to combine different layers of features obtained from a single CNN. There has been a lack of investigations into fusing features extracted from different pre-trained CNNs. As CNNs have different levels of complexity, features extracted from different CNNs are complementary in scene classification. In this paper, we propose a discriminative deep feature fusion framework, which utilizes multiple pre-trained CNNs of different complexities to extract multi-scale features of images. Our network involves the fusion of deep features generated by different CNNs. The fused features have a lower dimensionality and are more discriminative than high-dimensional deep features directly extracted from pre-trained networks. Canonical correlation analysis (CCA) is a widely used fusion method that maximizes the correlation coefficient of two sets of features. However, CCA is not supervised by class labels and, as such, has a reduced capability in generating a discriminative representation. To address this issue, DCA [5] and then discriminative canonical correlation analysis (DCCA) [15] were proposed to incorporate class label information to improve class discrimination. In our method, discriminative canonical correlation analysis (DCCA) was used to combine high-dimensional deep features. DCCA maximizes within-class correlation and minimizes the between-class correlation simultaneously, whereas the DCA employed in Chaib et al. [5] focuses only on minimizing between-class correlation. Although DCCA has been previously proposed in [15], the method was only tested in face recognition applications with lower feature dimensionality. To the best of our knowledge, we applied DCCA for the first time to fuse high-dimensional features extracted by CNNs. Experiments on two public datasets show that the discriminative deep feature fusion framework outperforms previous deep learning frameworks based on pre-trained CNNs. The contributions of this paper are listed as follows:




	
We developed a multi-stream CNN framework that integrates the features generated by multiple pre-trained CNNs from images of different scales. To the best of our knowledge, this is the first work that involves two levels of integration: multi-network and multi-scale integration. We showed that ensembling features generated by multiple networks of different complexities (i.e., multi-network integration) and features extracted from different versions of the input image upsampled by different factors (i.e., multi-scale integration) individually contributed to improved classification accuracy.



	
We performed a systematic investigation on fusing the features extracted from different pre-trained network models to establish an optimal combination of pre-trained CNNs in the proposed multi-scale framework. We showed that the resulting optimal network has a scene classification accuracy higher than state-of-the-art deep learning frameworks. As a framework that involves only pre-trained networks, the proposed approach attained its level of accuracy with a much shorter computational time compared to approaches involving fine-tuning or fully trained CNNs.



	
The use of DCCA in fusing high-dimensional CNN features is new. Although DCCA has been validated in fusing lower dimensional features, it is crucial to verify that DCCA is also applicable to high-dimensional features generated by multiple CNNs. We showed that the scene classification accuracy associated with DCCA fusion is higher than CCA and DCA fusions and other state-of-the-art classification models based on pre-trained CNNs. Additionally, since training and testing involve only a low-dimensional feature vector generated by DCCA fusion, computational times are an order of magnitude lower than direct deep feature classification.









2. Methodology


2.1. Model Overview


Object size varies across HRRS images in the same class. The size varies even within the same image if multiple objects of the same class are present. For example, the image in Figure 1 shows multiple airplanes of different sizes. For this reason, a multi-stream CNN fed with images of different scales is expected to generate higher classification accuracy than a single-stream CNN fed with a single image.



Figure 1 shows the structure of the proposed model, which is a multi-scale network involving three CNN streams. Input images to these streams are the original image and two coarse images generated by downsampling the original image by a factor of 4 and 16, respectively. The input image at each scale was processed by two CNNs with different architectures. The deep features generated by the two CNNs at each level were integrated by DCCA. The DCCA features generated at the three scales were concatenated. This concatenated feature vector was classified by SVM. We provide an introduction of the CNNs involved in this network in Section 2.2 and a detailed description of DCCA in Section 2.3.




2.2. Pre-Trained CNNs Involved


We investigated a total of 8 commonly used pre-trained CNNs with diverse levels of complexity and a wide spectrum of architectural designs developed since 2014. The diversity of this set of architectures was the key consideration when selecting them for investigation as a major study goal of this study was to evaluate the complementarity between different CNNs when paired to make a prediction. Networks such as AlexNet and VGG were not included because they are older and have fewer layers. These CNNs were used in the multi-scale feature extraction blocks, as illustrated in Figure 1. The number of layers, and the input and output dimensions for these pre-trained CNNs are listed in Table 1. The CNNs involved in this study are briefly described below.



(1) GoogLeNet and Inception Networks: GoogLeNet was the first incarnation of the Inception family [16]. Instead of getting deeper, GoogLeNet was made “wider” by having filters of multiple sizes operating at the same level. An inception module performs multiple convolutions on the input image using filters of three different sizes (  1 × 1 , 3 × 3   and   5 × 5  ). The output is generated by concatenating all the output feature maps. GoogLeNet is constructed by stacking 9 inception modules linearly.



Inception v2 and v3 were later introduced to improve GoogLeNet [17]. A major innovation introduced in these newer versions involves the factorization of convolutions to increase computational speed. For example, a   5 × 5   convolution was factored into two   3 × 3   convolutions, and each   3 × 3   convolution was subsequently factored into a   1 × 3   followed by a   3 × 1   convolution. Instead of stacking up these factorized convolutions, some were distributed in parallel to reduce the effect of “representational bottleneck”, the phenomenon leading to a degradation of classification accuracy when the dimension of the input image was substantially reduced by deep convolutions.



Inception-ResNet was later introduced to take advantage of the improved convergence property of ResNet. In the Inception-ResNet module, residual connections were used to add the input to the output of the convolution operations in the inception module [18].



Xception stands for Extreme Inception [19]. Depthwise separable convolutions and pointwise convolutions were introduced to boost the classification efficiency and accuracy of previous Inception networks.



(2) ResNet: The residual network (ResNet) was proposed in 2015. It performed the best in the ImageNet competition in three categories: image classification, detection and positioning [20]. In ResNet, the deep network learns the residual, instead of the desired mapping. The desired mapping is then reconstructed by adding the input to the output of the deep network through a skip connection. Residual learning has been shown effective in addressing the degradation in convergence exhibited in deep networks, thereby allowing the implementation of deeper networks [20].



(3) DenseNet: Each layer in DenseNet obtains inputs from all preceding layers and passes on its output to all subsequent layers. This is in contrast to ResNet, in which each layer receives inputs from the last layer and passes on its output to the next layer. Therefore, each layer in DenseNet receives collective knowledge from all preceding layers, whereas information is passed only from one ResNet module to the next.



(4) NASNet: The major innovation of NASNet is the flexibility of the selection of blocks. In contrast with the above networks that have fixed architectures, the structures of the blocks in NASNet are searched by the reinforcement learning search method.




2.3. DCCA


This work proposes using DCCA for deep feature fusion. This section describes the DCCA algorithm first described in [15]. Another fusion method known as DCA has been used in fusing deep features across layers of a CNN [5]. In contrast with DCA, which only focuses on minimizing between-class correlations, DCCA minimizes between-class correlations and simultaneously maximizes within-class correlations. Deep feature fusion by DCCA contributed to a higher HRRS scene classification accuracy than DCA.



Suppose the dataset is categorized into c classes.   X =  [  x 1  ,  x 2  , ⋯ ,  x i  , ⋯ ,  x n  ]  ∈  R  p × n   , Y =  [  y 1  ,  y 2  , ⋯ ,  y i  , ⋯ ,  y n  ]  ∈  R  q × n     are two matrices representing two mean-normalized feature vectors associated with each of the n images in the dataset. p and q represent the dimensions of the feature vector of   x i   and   y i  .



The goal of DCCA is to find a set of projection vectors    w x  ∈  R p    and    w y  ∈  R q    to maximize the correlation between the features of the extracted similar samples and minimize the correlation between the features of different samples. This problem is equivalent to maximizing the modified correlation coefficient defined below:


  ρ =     w x T     c o v  ˜   x y    w y      w x T  c o  v  x x    w y  ·  w x T  c o  v  y y    w y       



(1)




where      c o v  ˜   x y   =   c o v  w  − γ   c o v  b   .    c o v  w   and    c o v  b   represent the intra-class and inter-class correlation matrices, which are defined by Equations (2) and (3), respectively. The parameter   γ > 0   controls the relative weight of the within- and between-class correlations.



The within-class correlation matrix    c o v  w   is defined as follows:


    c o v  w  =  ∑  i = 1  c   ∑  p = 1   n i    ∑  q = 1   n i     x p  ( i )    y q  ( i ) T    = X A  Y T   



(2)




where   A =      1   n 1  ×  n 1      ⋯   0     ⋮   ⋱   ⋮     0   ⋯    1   n c  ×  n c         ,    1   n i  ×  n i    =     1   ⋯   1     ⋮   ⋱   ⋮     1   ⋯   1       and   n i   denotes the number of samples in the ith class.



The correlation matrix between classes is defined as follows:


      c o v  b     =  ∑  i = 1  c   ∑      j = 1       j ≠ i      c   ∑  p = 1   n i     ∑  q = 1   n j     x p  ( i )    y q  ( j ) T              =  ∑  i = 1  c   ∑  j = 1  c   ∑  p = 1   n i    ∑  q = 1   n j     x p  ( i )    y q  ( j ) T    −  ∑  i = 1  c   ∑  p = 1   n i    ∑  q = 1   n i     x p  ( i )    y q  ( i ) T             =  ( X  I n  )    ( Y  I n  )  T  − X A  Y T  = − X A  Y T      



(3)







The DCCA optimization problem can be expressed as follows.


         max   w x  ,  w y       w x T    c o v  w   w y  − γ  w x T    c o v  b   w y            s . t .   w x T  X  X T   w x  = 1 ,  w y T  Y  Y T   w y  = 1     



(4)







From Equations (2) and (3),     c o v  b  = −   c o v  w   . Note that, as the denominator of Equation (4) can be expressed as    ( 1 + γ )   w x T  c o  v w   w y   , the optimization of  ρ  in Equation (1) does not depend on the parameter  γ .


         max   w x  ,  w y       w x T  X A  Y T   w y            s . t .   w x T  X  X T   w x  = 1 ,  w y T  Y  Y T   w y  = 1     



(5)







Application of the Lagrange multiplier method yields the following generalized eigenvalue problem:


      0    X A  Y T        Y A  X T     0          w x       w y      = λ      X  X T     0     0    Y  Y T            w x       w y       



(6)







Let the vector pairs   [  w  x i   ,  w  y i   ] , i = 1 , ⋯ , d   be the solutions to Equation (6) that correspond to the d largest generalized eigenvalues and let    W x  =  [  w  x 1   ,  w  x 2   , ⋯ ,  w  x d   ]    and    W y  =  [  w  y 1   ,  w  y 2   , ⋯ ,  w  y d   ]   .    W x T  X   and    W y T  Y   extract features for DCCA corresponding to X and Y. The features extracted from X and Y are fused in the following way [21]:


  Z =     u     v     =       W x T  X        W y T  Y      =       W x    0     0    W y      T      X     Y      



(7)




where Z represents the feature after fusion with   r a n k ( Z ) ≤ m i n ( 2 c , r a n k ( X ) , r a n k ( Y ) )  , where c is the number of classes. In our problem,   r a n k ( Z ) = 2 c  , as the dimensions of X and Y are much larger than   2 c  . For the UC Merced dataset with 21 categories, the dimensions of DCCA feature are 42, which is much smaller than the dimensions of the deep features and even conventional handcrafted features, such as the 128-dimension SIFT features. Dimensionality reduction helps alleviate the curse of dimensionality in classification.





3. Experimental Setup and Results


Experiments were conducted on two publicly available datasets, which are described in Section 3.1. The experimental setting is detailed in Section 3.2. The results generated for these two datasets are described in Section 3.3 and Section 3.4. The ablation study is presented in Section 3.5.



3.1. Datasets


Two datasets were used in this paper. The first dataset was NWPU-RESISC45, which consists of 31,500 images categorized into 45 classes. Each class has 700 images. The dimensions of each image are   256 × 256  . Figure 2 shows an image sample for each of the 45 classes. Cheng et al. [6] created this dataset in 2018 with the aim of generating a benchmark dataset that is very challenging to classify. The availability of this challenging dataset allows for the development and validation of more sophisticated machine-learning algorithms. The challenge of classifying this dataset stems from its large scale, and high within-class variation and between-class similarity. This dataset has the largest scale among publicly available HRRS datasets, both in terms of the number of scene classes and the sample size per class. Images were carefully selected to incorporate the variations attributable to factors including weather, seasons, illumination and imaging conditions. Different classes also exhibit similar semantic features, such as circular vs. rectangular farmland, commercial vs. industrial area, basketball vs. tennis court.



The second dataset used was the UC Merced land use dataset [22], which has a total of 21 scene categories. Each category has 100 images, and the size of each image is   256 × 256  . The dataset has been widely used for evaluating algorithms developed for image scene classification [3,5,7,22]. Sample images of all categories in the dataset are shown in Figure 3. This dataset is the first publicly available HRRS image dataset for scene classification and has been widely used for evaluating algorithms developed for image scene classification [22]. We involve this dataset in this study to allow comparisons with existing algorithms.




3.2. Experimental Setup


In experiments involving the NWPU-RESISC45, we used the training and testing data ratios described in [6] to allow for direct comparisons with the results reported in that study. Algorithms were evaluated in two sets of training/testing partitions. The partition was made randomly for each class and, as such, the number of training and testing samples is equal for all classes. The first involves 10% (70 samples per class) and 90% (630 samples per class) training and testing data, respectively, whereas the second involves 20% (140 samples per class) and 80% (560 samples per class) training and testing data, respectively. The methods were evaluated in the 10%/90% and 20%/80% training/testing partitions by ten-fold and five-fold cross-validation, respectively.



In experiments involving the UC Merced dataset, we used the training/testing ratio described in [22]. Images are randomly partitioned into the training and testing sets with 80% (80 samples per class) and 20% (20 samples per class) training and testing data. Methods were evaluated by five-fold cross-validation.



The pre-trained network models in MATLAB Deep Learning Toolbox (R2020a) were used. These models were trained on a subset of images in ImageNet (https://image-net.org/update-mar-11-2021.php) (accessed on 1 August 2024). SVM classification was performed using the LIBSVM library [23].




3.3. NWPU-RESISC45 Dataset


In this section, we first analyze the complementarity of different CNNs and then we compare the performance of DCCA with DCA algorithms in feature fusion.



3.3.1. Optimal CNN Pairing


A systematic analysis was carried out to find out the optimal CNN combination that gives the highest recognition rate. As the investigation involves the eight CNNs tabulated in Table 1, the total number of pairings is 28 (i.e.,    C 2   8    ). As the focus here is to establish the optimal CNN combination, experiments were performed in a reduced DCCA model consisting only of the stream fed with the original image (i.e., the bottom stream of Figure 1). This experimental design also allows us to quantify the contribution attributable to the multi-scale architecture of the model reported in the next section, as compared to the single-scale architecture investigated here. Table 2 tabulates the recognition accuracy obtained with a 10%/90% training/testing data partition.



Table 2 shows that pairings involving DenseNet had the highest accuracy, whereas pairings involving NASNet-Mobile had the lowest recognition rate. This is expected because DenseNet has the largest number of layers, and the remaining five CNNs involving fixed convolutional operations are substantially simpler than DenseNet. Although NASNet can be trained to be very complex, the flexibility in defining convolution blocks in the training phase may have led to an overfit to the ImageNet database, thereby making the pre-trained network less transferable to the remote sensing domain. Combinations of similar networks, such as N1 + Nm and I2 + I3, did not provide high accuracy. Similar networks likely generated redundant features, thereby not taking sufficient advantage of the fusion network tested here.




3.3.2. Contributions of Multi-Scale Architecture and Feature Fusion


First, to establish the contribution of the multi-scale architecture, five CNN pairings with the highest recognition rate in the single-scale evaluation in Section 3.3.1 were assessed in the three-stream multi-scale setting as depicted in Figure 1. Second, as a major contribution of this paper is the introduction of the DCCA fusion technique for combining features generated in the multiple streams, as shown in Figure 1, we quantified the improvement in the recognition rate attributable to DCCA by comparing it with CCA and DCA. We also investigated the effect of variation in the training/testing ratio on the recognition rate.



Table 3 tabulates the results obtained by CCA, DCA and DCCA by the five CNN pairings. The supervision of class labels in DCA contributed to a 4% improvement as compared to CCA. DCCA provided a further 10% improvement over DCA. Increasing the training ratio from 10 to 20% resulted in a 1% improvement in the recognition accuracy. Compared to Table 2, the multi-scale architecture boosted the recognition rate by ≈1.5%.



Table 4 lists the recognition accuracy of existing methods and the proposed method on the NWPU-RESISC45 dataset. The only fine-tuned network that performed better than the proposed method is the fine-tuned VGGNet-16. Although the time required depends on the machine and the graphic card used, the tuning process ran for 15,000 iterations in [6] and would typically require hours to a day to complete. Even with this long training time, the recognition accuracy of the fine-tuned AlexNet and GoogLeNet is lower than the proposed method. The proposed method provided an accuracy within 2–3% of the best fine-tuned networks with training required only for the DCCA fusion and SVM classification stages. Although fully trained networks have a higher performance than the proposed pre-trained network, the computational requirement is even higher than fine-tuned networks.



In contrast with the time required to fine-tune a CNN or train a CNN from scratch, the time requirement for the proposed framework is substantially shorter as we only need to train the DCCA fusion algorithm and the SVM classifier. The total time required for training the proposed framework using 20% of the data was 13.3 s. Thus, the proposed method provides a quick option for accurate HRRS scene classification. Whether fine-tuning is needed for an application would depend on (i) how important the 2–3% boost is to the application and (ii) the training time constraint attached to the application.





3.4. UC Merced Dataset


Table 5 shows the performance of the proposed model on the UC Merced dataset. The CNN pairings investigated were the top five pairings obtained in Section 3.3.1. DCCA fusion was compared with CCA and DCA in these networks. The DCCA fusion technique contributed to a 4–6% improvement in the recognition rate compared to DCA, and about 8% compared to CCA. However, the margin of improvement was lower than in the NWPU-RESISC45 dataset. The creator of the NWPU-RESISC45 dataset has made an effort to enrich within-class variations, after recognizing that the samples within a class are relatively homogeneous in a few widely used benchmark datasets, including the UC Merced dataset [6]. The difference in the margin of improvement is attributable to the consideration of within-class correlation by DCCA. While both DCA and DCCA minimize between-class correlation, only DCCA maximizes the within-class correlation. Although the performance gain of DCCA can be demonstrated on the UC Merced dataset, the advantage was better demonstrated in the NWPU-RESISC45 dataset, as this dataset was designed to allow a more thorough test of a novel classification algorithm in its tolerance of within-class image variation.



Table 6 compares the recognition accuracy with existing unsupervised feature learning and pre-trained and fine-tuned CNN methods. Similar to Section 3.3, our results are within 1–2% of the fine-tuned CNN. Additionally, the performance of the proposed method was better than fully trained methods, except SKAL.




3.5. Ablation Study


Our framework proposed multi-scale and multi-network integration of features extracted from pre-trained CNNs. We also introduce the DCCA fusion of high-dimensional deep features generated by pre-trained CNNs. We evaluated the contribution of each of the three components in the NWPU-RESISC45 dataset with 20% training images and 80% testing images.



The baseline model involves a single stream fed with the original image. Deep features were extracted by DenseNet201 and the 1000-dimensional vector was classified by SVM. Three components were added to the baseline model for evaluation. The multi-scale component involves three streams of networks as shown in Figure 1. The multi-network component involves pairing the DenseNet201 and ResNet101 at each stream. The feature fusion component involves the DCCA fusion of deep features generated by the two networks before SVM classification. The results for the ablation experiments performed are tabulated in Table 7. Compared to the baseline, the multi-network and the feature fusion components individually contributed a ∼5% improvement in accuracy. The multi-scale component provides a 1.2% improvement over the baseline. Adding the multi-scale component to the multi-network model provides a performance improvement of 0.8% over the model involving only the multi-network component. Adding the feature fusion component to the multi-network model provides a performance improvement of 1.6% over the model involving the multi-network component alone. The full model provides further improvement compared to the previous two models involving two components.




3.6. Training, Testing and Feature Extraction Times


Here, we reported the training and testing times of the proposed model with the DenseNet–GoogLeNet (D-G) pairing. We only reported the computational times for this pairing because the dimensions of the deep features generated by all networks tested are 1000, except GoogLeNet, with a dimension of 1024. All other pairings that do not involve GoogLeNet have a smaller dimension. Thus, the training and testing times required for the D-G network represent the upper bound of the computation times required by all pairings investigated.



Our experiments were performed on a computer with an Intel Core i7-9700K CPU, 16GB RAM. Computational times are reported for the setting with 20% and 80% training and testing images, respectively, for the NWPU-RESISC45 dataset and for the setting with 80% and 20% training and testing images, respectively, for the UC Merced dataset. We compared the computational times required in three scenarios: (1) No fusion was performed and the deep features were directly fed to the SVM for classification. (2) DCA fusion was performed followed by SVM classification. (3) DCCA fusion was performed followed by SVM classification. In Settings 2 and 3, the training time included the time required for training the fusion and the SVM algorithms, whereas, in Setting 1, only the time required for training the SVM classifier was included as this setting did not involve feature fusion. Table 8 reports the training and testing times in the two datasets. We reported testing time on a per-image basis as users of the algorithm may want to classify a sub-group or even a single image instead of the entire testing set of testing images in the two datasets. We note that the training time is reduced by at least one order of magnitude and up to two orders of magnitude in the UC Merced dataset with the application of DCCA fusion, as compared to classification without fusion. The training time was dominated by the time required to train the SVM classifier, which was substantially shortened with feature dimensions reduced by DCA or DCCA fusion.



Table 9 reports the time required to extract features from each image of the two datasets using different pre-trained networks. The feature extraction time increases with the complexity of the pre-trained network as shown in the table. Nonetheless, the feature extraction time per image is much less than a second even in the most complex network. Our optimized framework involves DenseNet201, GoogLeNet and ResNet101, and these networks can process on average about 50 images per second. With this processing speed, feature extraction efficiency is not an issue of our framework although it involves extracting features from two networks. As our approach utilizes pre-trained networks with no training required for the CNNs, we can afford to extract features from multiple networks and then fuse them for scene classification. The results generated in this (Table 7) and previous studies [32] have demonstrated that integrating features from different networks improves the classification performance.





4. Conclusions


We developed and validated a CNN framework that involves multi-scale and multi-network integration. Features were extracted from three different streams that received input images of different scales. In each stream, two networks were used to extract deep features, which were subsequently fused using DCCA. DCCA reduces the dimensionality of the features extracted from deep networks, while also producing discriminative features by maximizing the within-class correlation and minimizing between-class correlation. Compared to DCA fusion, which only considered between-class correlation, the performance of DCCA fusion is higher in our evaluation using two datasets. The advantage of DCCA was better demonstrated in the NWPU-RESISC45 dataset than in the UC Merced dataset, as the NWPU-RESISC45 dataset was designed with a higher within-class variation. The training time required for DCCA was lower than DCA and was one order of magnitude lower than direct classification using deep features extracted from CNN. The recognition accuracy was compared with existing methods based on unsupervised learning, pre-trained and fine-tuned CNNs in the two datasets. The proposed method has the highest accuracy among methods based on all unsupervised learning, pre-trained CNNs and a majority of fine-tuned CNNs, while its accuracy was within 2–3% of that attained by the best-performing fine-tuned CNN. Considering that fine-tuned CNNs require hours to a day to train, the proposed algorithm strikes a good balance between the requirements of efficiency and accuracy in HRRS image recognition.







Author Contributions


Conceptualization, B.Y. and B.C.; methodology, B.Y.; software, B.Y.; validation, B.Y.; writing—original draft preparation, B.Y and B.C.; writing—review and editing, B.Y., S.S.S. and B.C.; supervision, B.C. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Research Grant Council of the HKSAR, China (Project No. CityU 11205421) and the Jiangsu Engineering Research Center of Digital Twinning Technology for Key Equipment in Petrochemical Process under Grant DTEC202102.




Institutional Review Board Statement


Not applicable.




Data Availability Statement


The data present in this study are publicly available in the NWPU-RESISC45 dataset at https://gcheng-nwpu.github.io/#Datasets (accessed on 1 August 2024) and in the UC Merced Land Use dataset at http://weegee.vision.ucmerced.edu/datasets/landuse.html (accessed on 1 August 2024), reference number [6,22].




Acknowledgments


Bernard Chiu is grateful for the funding support from the Research Grant Council of HKSAR, China (Project No. CityU 11205421). Baohua Yuan is grateful for the funding support from the Jiangsu Engineering Research Center of Digital Twinning Technology for Key Equipment in Petrochemical Process under Grant DTEC202102.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Liu, X.; He, J.; Yao, Y.; Zhang, J.; Liang, H.; Wang, H.; Hong, Y. Classifying urban land use by integrating remote sensing and social media data. Int. J. Geogr. Inf. Sci. 2017, 31, 1675–1696. [Google Scholar] [CrossRef]

	



Cheng, G.; Li, Z.; Yao, X.; Guo, L.; Wei, Z. Remote sensing image scene classification using bag of convolutional features. IEEE Geosci. Remote. Sens. Lett. 2017, 14, 1735–1739. [Google Scholar] [CrossRef]

	



Yuan, B.; Li, S.; Li, N. Multiscale deep features learning for land-use scene recognition. J. Appl. Remote Sens. 2018, 12, 015010. [Google Scholar] [CrossRef]

	



Nogueira, K.; Penatti, O.A.; Dos Santos, J.A. Towards better exploiting convolutional neural networks for remote sensing scene classification. Pattern Recognit. 2017, 61, 539–556. [Google Scholar] [CrossRef]

	



Chaib, S.; Liu, H.; Gu, Y.; Yao, H. Deep feature fusion for VHR remote sensing scene classification. IEEE Trans. Geosci. Remote Sens. 2017, 55, 4775–4784. [Google Scholar] [CrossRef]

	



Cheng, G.; Han, J.; Lu, X. Remote sensing image scene classification: Benchmark and state of the art. Proc. IEEE 2017, 105, 1865–1883. [Google Scholar] [CrossRef]

	



Yuan, B.; Han, L.; Gu, X.; Yan, H. Multi-deep features fusion for high-resolution remote sensing image scene classification. Neural Comput. Appl. 2020, 33, 2047–2063. [Google Scholar] [CrossRef]

	



Yu, Y.; Li, X.; Liu, F. Attention GANs: Unsupervised Deep Feature Learning for Aerial Scene Classification. IEEE Trans. Geosci. Remote Sens. 2019, 58, 519–531. [Google Scholar] [CrossRef]

	



Guo, Y.; Ji, J.; Lu, X.; Huo, H.; Fang, T.; Li, D. Global-local attention network for aerial scene classification. IEEE Access 2019, 7, 67200–67212. [Google Scholar] [CrossRef]

	



Li, G.; Li, L.; Zhu, H.; Liu, X.; Jiao, L. Adaptive Multiscale Deep Fusion Residual Network for Remote Sensing Image Classification. IEEE Trans. Geosci. Remote Sens. 2019, 57, 8506–8521. [Google Scholar] [CrossRef]

	



Dawson, H.L.; Dubrule, O.; John, C.M. Impact of dataset size and convolutional neural network architecture on transfer learning for carbonate rock classification. Comput. Geosci. 2023, 171, 105284. [Google Scholar] [CrossRef]

	



Flores, E.; Zortea, M.; Scharcanski, J. Dictionaries of deep features for land-use scene classification of very high spatial resolution images. Pattern Recognit. 2019, 89, 32–44. [Google Scholar] [CrossRef]

	



Bai, S.; Hou, J.; Ohnishi, N. Scene categorization through combining LBP and SIFT features effectively. Int. J. Pattern Recognit. Artif. Intell. 2016, 30, 1655001. [Google Scholar] [CrossRef]

	



Song, W.; Li, S.; Fang, L.; Lu, T. Hyperspectral image classification with deep feature fusion network. IEEE Trans. Geosci. Remote Sens. 2018, 56, 3173–3184. [Google Scholar] [CrossRef]

	



Sun, T.; Chen, S.; Yang, J.; Shi, P. A novel method of combined feature extraction for recognition. In Proceedings of the 2008 Eighth IEEE International Conference on Data Mining, Pisa, Italy, 5–19 December 2008; pp. 1043–1048. [Google Scholar]

	



Szegedy, C.; Liu, W.; Jia, Y.; Sermanet, P.; Reed, S.; Anguelov, D.; Erhan, D.; Vanhoucke, V.; Rabinovich, A. Going deeper with convolutions. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA, USA, 7–12 June 2015; pp. 1–9. [Google Scholar]

	



Szegedy, C.; Vanhoucke, V.; Ioffe, S.; Shlens, J.; Wojna, Z. Rethinking the inception architecture for computer vision. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 2818–2826. [Google Scholar]

	



Szegedy, C.; Ioffe, S.; Vanhoucke, V.; Alemi, A. Inception-v4, inception-resnet and the impact of residual connections on learning. arXiv 2016, arXiv:1602.07261. [Google Scholar] [CrossRef]

	



Chollet, F. Xception: Deep learning with depthwise separable convolutions. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 1251–1258. [Google Scholar]

	



He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778. [Google Scholar]

	



Yang, J.; Yang, J.y.; Zhang, D.; Lu, J.f. Feature fusion: Parallel strategy vs. serial strategy. Pattern Recognit. 2003, 36, 1369–1381. [Google Scholar] [CrossRef]

	



Yang, Y.; Newsam, S. Bag-of-visual-words and spatial extensions for land-use classification. In Proceedings of the 18th SIGSPATIAL International Conference on Advances in Geographic Information Systems, San Jose, CA, USA, 2–5 November 2010; pp. 270–279. [Google Scholar]

	



Chang, C.C.; Lin, C.J. LIBSVM: A library for support vector machines. Acm Trans. Intell. Syst. Technol. (TIST) 2011, 2, 1–27. [Google Scholar] [CrossRef]

	



Wang, Q.; Huang, W.; Xiong, Z.; Li, X. Looking closer at the scene: Multiscale representation learning for remote sensing image scene classification. IEEE Trans. Neural Netw. Learn. Syst. 2022, 33, 1414–1428. [Google Scholar] [CrossRef]

	



Wang, G.; Zhang, N.; Liu, W.; Chen, H.; Xie, Y. MFST: A multi-level fusion network for remote sensing scene classification. IEEE Geosci. Remote. Sens. Lett. 2022, 19, 1–5. [Google Scholar] [CrossRef]

	



Sitaula, C.; KC, S.; Aryal, J. Enhanced multi-level features for very high resolution remote sensing scene classification. Neural Comput. Appl. 2024, 36, 7071–7083. [Google Scholar] [CrossRef]

	



Yu, Y.; Liu, F. A two-stream deep fusion framework for high-resolution aerial scene classification. Comput. Intell. Neurosci. 2018, 2018, 8639367. [Google Scholar] [CrossRef] [PubMed]

	



Chen, S.; Tian, Y. Pyramid of spatial relatons for scene-level land use classification. IEEE Trans. Geosci. Remote Sens. 2014, 53, 1947–1957. [Google Scholar] [CrossRef]

	



Cheng, G.; Yang, C.; Yao, X.; Guo, L.; Han, J. When deep learning meets metric learning: Remote sensing image scene classification via learning discriminative CNNs. IEEE Trans. Geosci. Remote Sens. 2018, 56, 2811–2821. [Google Scholar] [CrossRef]

	



Cong, Y.; Khanna, S.; Meng, C.; Liu, P.; Rozi, E.; He, Y.; Burke, M.; Lobell, D.; Ermon, S. Satmae: Pre-training transformers for temporal and multi-spectral satellite imagery. Adv. Neural Inf. Process. Syst. 2022, 35, 197–211. [Google Scholar]

	



Noman, M.; Naseer, M.; Cholakkal, H.; Anwer, R.M.; Khan, S.; Khan, F.S. Rethinking transformers pre-training for multi-spectral satellite imagery. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, New Orleans, LA, USA, 17–21 June 2024; pp. 27811–27819. [Google Scholar]

	



Penatti, O.A.; Nogueira, K.; Dos Santos, J.A. Do deep features generalize from everyday objects to remote sensing and aerial scenes domains? In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition Workshops, Boston, MA, USA, 7–12 June 2015; pp. 44–51. [Google Scholar]

	



Han, W.; Feng, R.; Wang, L.; Cheng, Y. A semi-supervised generative framework with deep learning features for high-resolution remote sensing image scene classification. ISPRS J. Photogramm. Remote Sens. 2018, 145, 23–43. [Google Scholar] [CrossRef]

	



Marmanis, D.; Datcu, M.; Esch, T.; Stilla, U. Deep learning earth observation classification using ImageNet pretrained networks. IEEE Geosci. Remote. Sens. Lett. 2015, 13, 105–109. [Google Scholar] [CrossRef]








[image: Remotesensing 16 03961 g001] 





Figure 1. The schematic diagram of the proposed framework. The CNNs represented in blue and green are different networks. The same pair of CNNs was used in three different streams, which are presented with the original image and the images downsampled by factors of 4 and 16. The feature vectors generated by the two networks were fused by the DCCA approach. The reduced feature vectors in the three streams (i.e.,   D  F 1   ,   D  F 2    and   D  F 3   ) were concatenated and classified by SVM. 
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Figure 2. This figure shows an example image from each of the 45 classes in the NWPU-RESISC45 dataset. 
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Figure 3. This figure shows an example image from each of the 21 classes in the UC Merced dataset. 
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Table 1. CNNs investigated in this study.
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	CNN
	Layer
	Input Size
	Output Dimension





	GoogLeNet (G)
	22
	224 × 224
	1024



	Inception-v3 (I3)
	48
	299 × 299
	1000



	ResNet101 (R)
	101
	224 × 224
	1000



	Inception-ResNet-v2 (I2)
	164
	299 × 299
	1000



	DenseNet201 (D)
	201
	224 × 224
	1000



	Xception (X)
	71
	299 × 299
	1000



	NASNet-Mobile (Nm)
	*
	224 × 224
	1000



	NASNet-Large (Nl)
	*
	331 × 331
	1000







* The NASNet-Mobile and NASNet-Large networks do not consist of a linear sequence of modules.













 





Table 2. Recognition accuracy of CNN pairings obtained for NWPU-RESISC45 dataset under 10% training ratio. The top 5 CNN pairs with the highest accuracy are highlighted in bold. CNN models are listed using the following abbreviations: G: GoogLeNet, I3: Inception-v3, R: ResNet101, I2: Inception-ResNet-v2, D: DenseNet201, X: Xception, Nm: NASNet-Mobile and Nl: NASNet-Large.
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	G
	I2
	I3
	Nm
	Nl
	R
	X





	D
	83.44  ±  0.19
	83.93 ± 0.22
	83.77 ± 0.28
	81.82 ± 0.33
	82.99 ± 0.32
	84.42 ± 0.42
	83.12 ± 0.34



	G
	—
	80.31 ± 0.32
	79.9 ± 0.37
	76.43 ± 0.29
	78.37 ± 0.42
	81.49 ± 0.39
	78.62 ± 0.21



	I2
	—
	—
	79.92 ± 0.26
	77.59 ± 0.4
	77.92 ± 0.25
	82.11 ± 0.38
	78.38 ± 0.36



	I3
	—
	—
	—
	77.14 ± 0.37
	78.14 ± 0.27
	81.88 ± 0.35
	78.4 ± 0.47



	Nm
	—
	—
	—
	—
	74.64 ± 0.36
	79.78 ± 0.35
	75.66 ± 0.4



	Nl
	—
	—
	—
	—
	—
	80.81 ± 0.35
	76.15 ± 0.49



	R
	—
	—
	—
	—
	—
	—
	80.98 ± 0.21










 





Table 3. Classification accuracy of five top CNN models on the NWPU-RESISC45 dataset. Comparisons are made between results generated by CCA, DCA and DCCA, and those generated using the training ratios of 10% and 20%. The two CNN models used are listed in the columns labelled M1 and M2 with the following abbreviations: G: GoogLeNet, I3: Inception-v3, R: ResNet101, I2: Inception-ResNet-v2, D: DenseNet201 and X: Xception.
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M1

	
M2

	
CCA

	
DCA

	
DCCA




	
10%

	
20%

	
10%

	
20%

	
10%

	
20%






	
D

	
G

	
72.15 ± 0.31

	
73.23 ± 0.41

	
76.65 ± 0.39

	
77.61 ± 0.28

	
84.96 ± 0.23

	
86.32 ± 0.16




	
D

	
R

	
72.72 ± 0.25

	
73.89 ± 0.37

	
75.92 ± 0.30

	
77.17 ± 0.23

	
85.73 ± 0.34

	
87.53 ± 0.22




	
D

	
I3

	
70.11 ± 0.45

	
71.15 ± 0.41

	
73.81 ± 0.48

	
74.87 ± 0.20

	
85.08 ± 0.20

	
86.10 ± 0.26




	
D

	
I2

	
70.89 ± 0.53

	
71.45 ± 0.46

	
74.12 ± 0.43

	
75.38 ± 0.23

	
85.34 ± 0.45

	
86.45 ± 0.24




	
D

	
X

	
70.21 ± 0.73

	
71.25 ± 0.67

	
73.84 ± 0.53

	
75.10 ± 0.27

	
84.66 ± 0.24

	
85.68 ± 0.24











 





Table 4. The means and standard deviations of the classification accuracy (%) of the proposed method and existing methods for the NWPU-RESISC45 dataset. LBP: Local binary pattern, BoVW: Bags of visual words, LLC: Locality-constrained linear coding, SPM: Spatial pyramid matching, SKAL: Structured key area localization, MFST: Multi-level fusion Swin Transformer, EAM: Enhanced VHR attention module, LASC-CNN: Locality-constrained affine subspace coding-CNN.
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Method

	
10% Training Set

	
20% Training Set






	
Traditional methods

	
Color histograms [6]

	
24.84 ± 0.22

	
27.52 ± 0.14




	
GIST [6]

	
15.92 ± 0.23

	
17.88 ± 0.22




	
LBP [6]

	
19.20 ± 0.41

	
21.74 ± 0.18




	
BoVW [6]

	
41.72 ± 0.21

	
44.97 ± 0.28




	
LLC [6]

	
38.81 ± 0.23

	
40.03 ± 0.34




	
BoVW+SPM [6]

	
27.83 ± 0.61

	
32.96 ± 0.47




	
Fine-tuned networks

	
Fine-tuned AlexNet [6]

	
81.22 ± 0.19

	
85.16 ± 0.18




	
Fine-tuned VGGNet-16 [6]

	
87.15 ± 0.45

	
90.36 ± 0.18




	
Fine-tuned GoogLeNet [6]

	
82.57 ± 0.12

	
86.02 ± 0.18




	
Fully trained networks

	
SKAL [24]

	
90.41 ± 0.12

	
92.95 ± 0.09




	
MFST [25]

	
92.64 ± 0.08

	
94.90 ± 0.06




	
EAM [26]

	
90.38 ± 0.001

	
93.04 ± 0.001




	
Pre-trained networks

	
VGG16 [6]

	
76.47 ± 0.18

	
79.79 ± 0.15




	
AlexNet [6]

	
76.69 ± 0.21

	
79.85 ± 0.13




	
GoogLeNet [6]

	
76.19 ± 0.38

	
78.48 ± 0.26




	
Two-Stream Fusion [27]

	
80.22 ± 0.22

	
83.16 ± 0.18




	
LASC-CNN [3]

	
81.37

	
84.30




	
Proposed framework

	
85.73 ± 0.34

	
87.53 ± 0.22











 





Table 5. Recognition accuracy of five top CNN models on the UC Merced dataset. Comparisons are made between results generated by CCA, DCA and DCCA, and those generated using the training ratios of 80%. The two CNN models used are listed in the columns labelled M1 and M2 with the following abbreviations: G: GoogLeNet, I3: Inception-v3, R: ResNet101, I2: Inception-ResNet-v2, D: DenseNet201 and X: Xception.
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	M1
	M2
	CCA
	DCA
	DCCA





	D
	G
	89.93 ± 0.85
	93.76 ± 0.95
	97.67 ± 0.71



	D
	R
	88.79 ± 1.21
	91.93 ± 1.17
	97.17 ± 0.67



	D
	I3
	87.25 ± 0.97
	90.43 ± 1.23
	96.74 ± 1.12



	D
	I2
	88.55 ± 1.16
	91.07 ± 1.28
	96.74 ± 0.69



	D
	X
	88.73 ± 1.42
	91.38 ± 0.73
	95.57 ± 0.70










 





Table 6. The means and standard deviations of the classification accuracy (%) of the proposed method and existing methods for the UC Merced dataset. BoVW: Bags of visual words, SatMAE: Self-supervised learning framework based on masked autoencoders, SSGA-E: Extended semi-supervised generative algorithm.
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Method

	
80% Training Set






	
Traditional methods

	
BoVW [22]

	
76.8




	
Pyramid-of-spatial-relations [28]

	
89.1




	
Fine-tuned networks

	
Discriminative CNNs with VGG16 [29]

	
98.93 ± 0.10




	
SatMAE [30]

	
94.05




	
SatMAE++ [31]

	
97.62




	
Fully trained networks

	
GoogLeNet [4]

	
93.0




	
VGG16 [4]

	
92.8 ± 0.61




	
Caffe [32]

	
93.42 ± 1.0




	
SSGA-E [33]

	
94.52 ± 1.38




	
ResNet-50 deep CNN [12]

	
96.67




	
SKAL [24]

	
99.70 ± 0.30




	
Pre-trained networks

	
CNN with Overfeat feature [34]

	
92.4




	
OverFeat [32]

	
90.91 ± 1.19




	
Proposed framework

	
97.67 ± 0.71











 





Table 7. The results of the ablation study on three components of the proposed framework. The model was trained on 20% of images in the NWPU-RESISC45 dataset. The symbol indicates that a specific component was involved in a model, whereas × indicates that the component was not involved.
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	Multi-Scale
	Multi-Network
	Feature Fusion
	Accuracy (%)





	×
	×
	×
	80.20 ± 0.31



	✓
	×
	×
	81.35 ± 0.17



	×
	✓
	×
	85.17 ± 0.31



	×
	×
	✓
	84.87 ± 0.25



	✓
	✓
	×
	85.97 ± 0.42



	×
	✓
	✓
	86.81 ± 0.28



	✓
	✓
	✓
	87.53 ± 0.22










 





Table 8. The total training time and the testing time per image (seconds) for three different settings: (1) no feature fusion, and (2) DCA and (3) DCCA fusions. All settings involve SVM classification.
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Dataset

	

	
No Fusion

	
DCA

	
DCCA






	
NWPU-RESISC45

	
Training

	
254.52

	
25.704

	
13.293




	
Testing

	
   2.57 ×  10  − 4     

	
   4.11 ×  10  − 6     

	
   3.09 ×  10  − 6     




	
UC Merced

	
Training

	
22.8480

	
1.0248

	
0.1999




	
Testing

	
   6.09 ×  10  − 4     

	
   1.17 ×  10  − 5     

	
   1.22 ×  10  − 5     











 





Table 9. Feature extraction time (seconds) per image required for different pre-trained CNN models in two datasets. G: GoogLeNet, I3: Inception-v3, R: ResNet101, I2: Inception-ResNet-v2, D: DenseNet201, X: Xception, Nm: NASNet-Mobile, Nl: NASNet-Large.
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	CNN
	Size (MB)
	UC Merced
	NWPU-RESISC45





	G
	22
	0.0046
	0.0048



	I3
	48
	0.0205
	0.0221



	R
	167
	0.0212
	0.0245



	I2
	209
	0.0493
	0.0522



	D
	77
	0.0286
	0.0293



	X
	85
	0.0334
	0.0352



	Nm
	20
	0.0084
	0.0091



	Nl
	332
	0.1418
	0.1521
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