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Abstract


In recent years, the technological advances leading to the production of high-resolution Synthetic Aperture Radar (SAR) images has enabled more and more effective target recognition capabilities. However, high spatial resolution is not always achievable, and, for some particular sensing modes, such as Foliage Penetrating Radars, low resolution imaging is often the only option. In this paper, the problem of automatic target recognition in Low Resolution Foliage Penetrating (FOPEN) SAR is addressed through the use of Convolutional Neural Networks (CNNs) able to extract both low and high level features of the imaged targets. Additionally, to address the issue of limited dataset size, Generative Adversarial Networks are used to enlarge the training set. Finally, a Receiver Operating Characteristic (ROC)-based post-classification decision approach is used to reduce classification errors and measure the capability of the classifier to provide a reliable output. The effectiveness of the proposed framework is demonstrated through the use of real SAR FOPEN data.
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1. Introduction


Automatic Target Recognition (ATR) in Synthetic Aperture Radar (SAR) images is a topic of great interest and demanding requirements [1,2,3,4]. In particular, for defense applications, the knowledge of the vehicles deployed in a specific area of interest is fundamental to the understanding of the threat that exists (e.g., Small Intercontinental Ballistic Missile launcher rather than a theatre missile launcher). As current systems have reached a high level of target classification capabilities, more demanding tasks, such as recognition and identification of the targets, pose still a fundamental technical challenge. The ATR challenge has been investigated with a number of different approaches, including   L 2   normalization [5], where the normalization is applied to the image thereby preserving all the information of the image whilst assigning to the classifier the task of deriving the model and separation of targets. In Reference [1], an analysis investigating both detection and classification of stationary ground targets using high resolution, fully polarimetric SAR images is provided. Many approaches use feature extractions from the detected SAR targets, such as the algorithm proposed in Reference [6], where a relatively large number of scatterers are selected with a variability reduction technique. Discriminative graphical models have been used in Reference [7] with the aim to fuse different features and allow good performance with small training datasets. A two-stage framework is proposed to model dependencies between different feature representations of a target image. The approach has been tested using the MSTAR dataset and the performance resulted to overcome Extended Maximum Average Correlation Height (EMACH), Support Vector Machines (SVM), AdaBoost, and Conditional Gaussian Model classifiers. Finally, in Reference [8], a Krawtchouk moments-based approach has been introduced in order to recognize military vehicles by exploiting invariance, orthogonality, and low computational complexity. Recently, a broad set of approaches has investigated the latest advances in Artificial Intelligence (AI) applied to the SAR ATR challenge [3,4,9]. Specifically, in Reference [10], a Convolutional Neural Network (CNN) was developed for target classification and was tested in MSTAR dataset for 10 targets. The results demonstrated significant performance improvement compared to more traditional approaches, such as SVM [5] and Bayesian compressive sensing [11], when tested in different operational conditions. To deal with high complexity SAR ATR systems may impose, a lossless lightweight CNN design is proposed in Reference [12], based on pruning and knowledge distillation. Results demonstrated that using all-convolutional networks (A-ConvNets) and visual geometry group network (VGGNet) on MSTAR dataset, the proposed approach can achieve 65.68× and 344× lossless compression while reducing the computational cost by 2.5 and 18 times, respectively, with minimum impact on accuracy. Furthermore, in Reference [13], a different lightweight CNN approach was investigated utilizing two streams to extract multilevel features. Tested on MSTAR dataset, the presented approach offers   99.71 %   accuracy while significantly reducing the number of parameters compared to previously proposed networks. Bidirectional long short-term memory (LSTM) recurrent neural networks were also proposed for SAR ATR in Reference [14], reaching classification accuracy of   99.9 %  .



Generative Adversarial Networks (GAN) have also been widely suggested in SAR ATR as at tool to generate synthetic images. In Reference [15], a Multi-Discriminator GAN (MGAN) was proposed for dataset expansion in combination with a CNN classifier. The conducted analysis demonstrated that inclusion of synthetic data in the training can improve the CNN accuracy especially when the number of real images is low. Moreover, in Reference [16], a novel Integrated GANs (I-GAN) model for SAR image generation and recognition was presented combining the ability of the unconditional and conditional GANs for unsupervised feature extraction and supervised image-label matching, respectively. Performance analysis in the MSTAR dataset showed that the proposed framework can generate high quality SAR images outperforming previously proposed semi-supervised learning methods.



A common limitation of all the above mentioned approaches and of most of the SAR ATR literature is that these are designed and applied on high-resolution SAR images and such a scenario is not always verified. Indeed, the ATR problem becomes even more difficult when the SAR images are not acquired with high spatial resolution due to sensor’s limitations and/or to the actual SAR imaging mode used, such as in Foliage Penetrating (FOPEN) SAR [17]. FOPEN SAR uses relatively low carrier frequencies in order to be able to penetrate canopies, and as a consequence has relatively low bandwidths in both range and cross-range directions, meaning that the final SAR image has a relatively poor spatial resolution, and while such a resolution is enough to detect extended targets, such as vehicles hidden under canopies [18], the target recognition task become very challenging. The problem of low resolution SAR and FOPEN SAR ATR has been only marginally investigated in the literature mainly due to the lack of data availability to the research community. In Reference [2], the performance of SAR ATR was examined using imagery of three different resolutions. Results demonstrated significant impact lowering resolution has on the classification performance, as well as the improvement super-resolution can offer. For these reasons, we are investigating whether the consolidated techniques in the area of AI, such as CNNs and GANs, can be used also in this context to provide a significant operational advantage, such as reducing the need to gather large datasets in hostile environments.



To assess the potential of CNNs and GANs in this context, this paper introduces a framework for target recognition in FOPEN SAR imagery. The framework is applied to the CARABAS II dataset [19] and exploits CNNs in conjunction with GANs to address the ATR challenge of limited data availability by performing an augmentation of the dataset that allows a more reliable training of the CNN. Additionally, the framework introduces an Receiver Operating Characteristic (ROC)-based analysis applied on the CNN output to refine the performance of the recognition framework, while providing an assessment of the confidence that the target recognition framework has when labeling the targets. It is worth noting that aim of this work is not to compare the performance of the proposed framework with existing methods but to demonstrate the capabilities AI can enable in the challenging topic of FOPEN SAR ATR.



The reminder of the paper is organized as follows: Section 2 discusses the proposed Framework, including data generation (Section 2.1), CNN implementation (Section 2.2), ROC Analysis (Section 2.3), and the dataset used (Section 2.4). Section 3 presents the results of the framework, by first presenting the choice of GAN in Section 3.1 with the choice of CNNs described in Section 3.2. The performance analysis is provided in Section 4. Section 5 concludes the paper.




2. Materials and Methods


This section describes the proposed framework for low resolution SAR ATR. The workflow of this framework is illustrated in Figure 1. In order to train a deep learning classifier, a large dataset can greatly increase the classification performance and relative confidence. However, this is not always available, therefore making the application of deep learning not directly suitable to many scenarios. In these cases, augmentation techniques can be used to add small variations to the samples in the dataset, so to present the classifier with a more varied representation of the input data. However, augmentation is a rather simplistic approach. Therefore, in the ATR framework presented in this work, the generation of new data for training is achieved through the use of a Generative Adversarial Network (GAN).



After identifying the GAN most suitable for the specific scenario, the first step is to use the GAN to generate new synthetic samples, which are introduced into the training of a CNN classifier. After training is complete, the classification results are then further refined through a thresholding process, where the optimal threshold is computed with a Receiver Operating Characteristic (ROC) Curve. This additional step allows the classifier to be more confident in its decisions, therefore reducing the number of incorrect classifications.



2.1. Synthetic Data Generation with GANs


Generative adversarial networks (GANs) [20] are a generative modeling method capable of learning deep representations without extensively annotated training data. The basic principle of GANs is in the coexistence of a generator and a discriminator which play against each other in an adversarial process. The generator creates samples which aim to have the same distribution as the training data. The discriminator examines such samples and determines whether they are real or synthetic, and learns through traditional supervised learning methods. The goal of the generator is to create synthetic data that is indistinguishable from the real data, and it must learn to create samples which are drawn from the same distribution as the training data.



Within the original GAN structure [20], both the generator and discriminator are established as multilayer perceptrons. A fixed-length vector is first randomly drawn from a gaussian distribution. The vector is then used as an input to the generator, providing a random seed for the generative process. The vector space—otherwise referred to as latent space—is a projection of a data distribution. With respect to GANs, the generator learns to assert meaning to points in a chosen latent space, such that new points drawn from the latent space can be provided to the generator model as input, and used to generate new and different output examples. Noise is also added in input to the generator, as it allows the GAN to create a wide variety of data, by sampling from different places in the target distributions. The discriminator acts as a classifier, which takes an unknown sample from either the generator or real training data and predicts a binary class label, i.e., real or synthetic.



This training process is described by the value function in Equation (1), where the latent space is represented as z and the discriminator and generator are defined as   D  ·    and   G  ·   , respectively.  E  is the expectation operator.


   min G   max D  V  ( D , G )  =  E  x ∼  P data   ( x )     [ log  ( D  ( x )  )  ]  +  E  z ∼  P z   ( z )     [ log  ( 1 − D  ( G  ( z )  )  ]  .   



(1)







The typical layout of a GAN architecture is illustrated in Figure 2, where the input to the generator is a random sample from the latent space z. The output   G  z    from the generator is then fed into the discriminator, alongside a sample from the real distribution. The discriminator assigns a value to each of the samples, according to its belief of if the sample is real (1) or synthetic (0). These two outputs are then utilized to analyze the performance of the two models, where the generator is trained to minimize the function   log ( 1 − D ( G ( z ) ) )  . This, in turn, trains the generator to produce images that the discriminator cannot identify as synthetic (i.e.,   D ( G ( z ) ) ≈ 1  ). Alongside the training of the generator, the discriminator is trained to maximize the function   log ( D ( x ) ) + log ( 1 − D ( G ( z ) ) )  , which in turn aims to train the discriminator to maximize the probability of correctly identifying the real samples,   ( D ( x ) )  , whilst also correctly identifying the synthetic samples (  D ( G ( z ) )  ).



The two models are trained in parallel, therefore introducing a form of competition, where each network tries to outperform the other. The training process is complete when the two networks are no longer able to improve on their current state. That is, the generator is able to produce samples that are indistinguishable from real samples, and the discriminator is no longer able to tell the difference between real and synthetic samples. This is what is known as Nash equilibrium [21]. Once complete, the generator can then be used to generate new, unseen synthetic samples.



Due to the complex training process, GANs are sensitive to instabilities during the training process, and this can lead to two well-document problems, namely gradient vanishing and mode collapse. Gradient vanishing can become an issue when any subset of data distribution and model distribution are disjointed, such that the discriminator identifies real and synthetic data perfectly, which means that the generator no longer improves [21]. Mode collapse occurs when the generator creates the same or similar output, as the model distribution only encapsulates the major or single modes of data distribution to misdirect the discriminator. Traditionally there is a trade-off between image quality and mode collapse, where improvements in image quality cause a lack of image diversity. Variations of the original GAN architecture have been proposed in literature, to overcome the aforementioned two issues. In the context of the work presented here, two GAN alternative architectures have been considered, namely Deep Convolutional GANs (DCGANs) [22] and, Wasserstein GAN + Gradient Penalty (WGAN-GP) [23].



In DCGANs, the generator is made of convolutional-transpose layers, batch norm layers and ReLU activations. DCGANs also use batch normalization for many of the layers in both the discriminator and the generator, with two minibatches for the discriminator normalized separately. The final layer of the generator and first layer of the discriminator are not batch normalized, such that the model can learn the correct mean and scale of the data distribution. This inclusion of batch normalization was shown to reduce the effects of mode collapse, as well as assisting gradient flow [22].



WGAN-GP is a type of GAN which uses the Wasserstein loss formulation [23], plus a gradient norm penalty. This aims to achieve Lipschitz continuity, which is a general solution to make the gradient of the optimal discriminative function reliable, allowing for more stable training of GANs and higher quality generated data [24]. Instead of using a discriminator to classify/predict the probability of generated images being real or synthetic, WGANs uses a critic function which scores the likelyhood of an image of being real or synthetic. The Wasserstein distance is informally defined as the minimum cost of transporting mass in order to transform the distribution q into the distribution p [23]. The critic function has a more stable gradient with respect to its input, therefore making the optimization of the generator easier.



When comparing different GAN models, the lack of an objective loss function during training is an issue. To compare GAN models, different metrics have been proposed in literature. To this aim, the inception score [25] is a widely used metric, which evaluates the quality of the generated data by passing the samples into the Inception v3 [26] classification model, the classification of which then determines the quality of the generated images. This evaluation approach, however, does not actually provide insight into the similarity between real samples and synthetic ones. In fact, this should be the focus of attention when synthetic samples are to be used to enhance datasets for classification applications. Therefore, a metric that measures the similarity between real and synthetic samples should be used, when choosing the best GAN for an application. In this work, the Fréchet Inception Distance (FID) is used, as it compares the statistics of generated and real samples. This is done by measuring the distance between the Inception V3 activation distributions of both cases, i.e., real and synthetic samples. To achieve this, the distributions of an intermediate layer of the inception V3 network are extracted. The means (   μ r  ,  μ g   ) and covariances (   Σ r  ,  Σ g   ) are then used to evaluate the FID score as,


  FID =     μ r  −  μ g    2  + Tr   Σ r  +  Σ g  − 2    Σ r   Σ g    1 2    ,  



(2)




where Tr is the trace operator, and the distributions are taken from the 2048-dimensional activation’s of the Inception-v3 pool3 layer [27]. A low FID score indicates more similar distributions, with a FID score of zero representing identical distributions. In this context, the results are reported in Section 3.2, show that, for the data used in this work, the DCGAN generates synthetic images with the lowest FID score.




2.2. Image Classification with CNNs


A convolutional neural network (CNN) is a type of deep neural network often applied to problems involving image data [28], and its architectural design was initially inspired by research on primate’s visual cortex [29]. The key feature of a CNN is that the network learns the weights for its convolutional filters during training, rather than relying on hand-crafted filters that are designed to identify specific features within an image. The filters in the initial convolutional layers may be used to identify simple features, such as straight lines, with subsequent convolutional layers being used to identify more complicated features composed of combinations of lower-level features. For the convolutional filters, the aim is to learn sets of weights that extract features from the input which prove useful for correctly classifying the input data, thus minimizing the loss for the specific task under consideration.



In the framework presented in this work, CNNs are used to classify real low resolution SAR images, with and without the use of synthetic images generated with a GAN network as described in the previous section in the training set. In order to provide a thorough investigation of the effects of different mixes of real and synthetic samples on the classification accuracy of the CNN under exam, multiple network architectures are tested. This analysis allows for any bias of a single network to be mitigated. The CNNs evaluated in this work are Resnet18 [30], Alexnet [31], Vgg11 [32], Squeezenet [33], Densenet121 [34], and Inceptionv3 [26], and they have been selected for testing as they all achieve high classification accuracy on the ImageNet dataset.



To train a classifier, the data must be first split into training and test data. This allows the networks ability to classify unseen data to be evaluated. In this framework, all the test data is compiled using real samples. Once the data is prepared, the networks can then be trained. In this case, transfer learning is used to speed up the training process. The technique of transfer learning makes use of a pre-trained network which is able to reduce an input image into a high dimensional feature space. This feature space is then transformed into a classification with fully connected layers. It is these layers that are re trained in transfer learning. This speeds up the training process and also removes the need of an extremely large dataset for training the full network.




2.3. ROC Analysis for Error Rejection


In the final step of the proposed framework, the Receiver Operating Characteristic (ROC) Curve is used to evaluate a confidence threshold to the CNN classification output. In this way, only classification labels which bear an acceptable level of confidence are retained, while low confidence outputs are rejected (i.e., labeled as unknown). For each class, a separate optimal confidence threshold is computed as follows.



Each class has N associated test samples, with   N c   correctly classified samples, and   N e   incorrectly classified samples, so that   N =  N c  +  N e   . Each classification label in output has a confidence   p n   with   n = [ 1 , N ]  . Given any value of threshold  τ , if it is    p n  < τ  , then the n-th classification, i.e., test sample, is rejected; if it is    p n  ≥ τ  , the n-th classification is retained. Of all the classifications retained for a given value of  τ ,   N τ e   is the number of incorrect classifications retained after thresholding, while   N τ c   is the number of correct classifications retained. The coordinates    x τ  =  (  N τ e  /  N e  ,  N τ c  /  N c  )    identify points on the ROC curve, in a graph where the x-axis is normalized between 0 and 1, and it represents the error rate after thresholding, while the y-axis represents the correct classification rate, and it is also normalized between 0 and 1. In such an ROC curve, each point has an associated value of threshold  τ , and the optimal operating point corresponds to the top left point on the curve, as this simultaneously minimizes the error rate and maximizes the correct classification rate. Ideally, the ROC curve can be written as:


   N τ c  /  N c  = f   N τ e  /  N e   .  



(3)







Therefore, the optimal threshold   τ  o p t    for the class can be found as:


   τ  o p t   =   arg  min  τ      arg  max    N τ e  /  N e      f   N τ e  /  N e   −  N τ e  /  N e    .  



(4)







In the proposed framework, this ROC analysis is applied to each classification individually, therefore providing as many thresholds as the number of classes to be discriminated. Once each threshold is found, the results are then re-evaluated. If a classification is below the given threshold, the associated test sample is discarded. This process, in turn, then reduces the number of errors made by the classifier. As well as a new classification accuracy, the ROC analysis also produces a rejection rate metric. This is a percentage of the input samples that the network has classified with low confidence. Lower rejection rates mean that the overall framework is more reliable as the classifier is more confident in its output.




2.4. Dataset Description


The data used in this framework was a publicly available dataset of 24 magnitude CARABAS-II VHF-Band SAR images. These images were obtained during a flight campaign held in Sweden in 2002 [35]. The system transmits HH-polarized radio waves between 20 and 90 MHz, corresponding to wavelengths between 3.3 and 15 m. In the imaged areas, 25 military vehicles are concealed by the forest, in four deployments (for reader’s convenience, see Reference [35]). The motivation for the campaign was to collect new low VHF-band SAR images of targets under foliage canopies, which would then be utilized for new object detection algorithms [18]. The targets deployed during the measurement campaign were three terrain vehicles of differing size: the TGB11, TGB30, and TGB40 shown in Figure 3a. In total, seventeen missions were carried out, each performed under different operating conditions. The variables in consideration for each missions were the incidence angle, flight heading, target orientation, target size, and radio Frequency Interference (RFI) (For more information regarding the flight missions, the reader is referred to Reference [35].). Of the seventeen missions, four have been made available to the public, named Sigismund, Karl, Frederik, and Adolf-Frederik. The operating conditions for these missions are shown in Table 1, where two images were captured for each condition, providing a total of 24 images. Each image contained ten TGB11s, eight TGB30s, and seven TGB40s.



Figure 3c shows an example SAR image, as well as examples of the extracted targets (Figure 3b). These are extracted as 38 × 38 images with the use of the provided ground truth positions of each target within the images.



In order to ensure a fair distribution of the three targets, the same count of each was used during training. To accommodate for the low representation of the TGB40 class (14 per configuration), any additional samples of the remaining classes were discarded, such that the sample count of each class was equal. This provided a total of 168 samples of each target class, and a total dataset size of 504.



Additionally, each mission configuration was equally represented in both training and testing, the train/test ratio was chosen such that the fourteen samples per mission configuration were split equally. It was decided that a split of 11 training samples and 3 test samples would provide a suitable train/test ratio, providing a train dataset of 396 samples and a test dataset of 108. This was to be used as the base dataset, that synthetic data could be introduced into, to form eight separate data configurations, detailed in Section 3.1.





3. Results


3.1. GAN Selection


When identifying the optimal GAN architecture, all of the real data was utilized to gain a full understanding of the performances. Once trained, the individual FID scores were evaluated and are presented in Table 2. DCGAN provided the lowest FID score, indicating that it was best able to emulate the training data. This is reflected also in the appearance of the generated images, as an example some of the TGB11 GANs outputs are shown in Figure 4.



The original GAN architecture generates images that are noiser and more blurred. DCGAN and WPGAN-GP produce images of similar quality; however, it can be seen that the DCGAN produces sharper samples when compared with WPGAN-GP. This agrees with the FID scores, and DCGAN was, therefore, the chosen model for this framework.



Using the DCGAN architecture, 393 synthetic samples were generated (131 of each target type). These were then introduced with the real samples to form the assessment configurations (C1 to C8). These can be seen in Table 3, where configurations C1-C4 analyze the effect of introducing additional synthetic samples into the training process, while the pairs of configurations C1/C4, C5/C6, and C7/C8 assess the effect of the integration of synthetic data on configurations with much more limited real data availability.




3.2. CNN Selection


Classification of the ImageNet dataset [36] is a well known deep learning challenge. For years, improvements have been made, ever increasing the resulting scores, to the point that deep learning architectures are able to outperform a human. The CNN architectures used in this comparison have provided great improvements in the field of classification and have performed well on the ImageNet dataset in the past. To test the validity of these architectures, an initial test was performed using C1 from Table 3. For each of the networks, the settings were chosen as shown in Table 4 and the results are shown in Table 5.



It can be seen that the Alexnet and Squeezenet architectures were not able to provide comparable results when trained with the data available. Therefore, these networks were no longer considered for this framework.



As well as this initial test with dataset C1, traditional image augmentation techniques were also tested. This consists of expanding the available dataset by applying various augmentations, such ad rotations and reflections. This technique can be considered as another approach to improve the performance of classification when using a limited dataset. However, when tested with the data samples in question, the accuracy performance was found to decrease.




3.3. Testing with GAN Images


The four networks were trained on each of the 8 configurations. In order to mitigate potential biases in performance each configuration is randomly represented four times (C1_1, C1_2, C1_3, C1_4, etc.). Table 6 provides the obtained target recognition results, where the presented value is the average over the four configuration iterations.



A final investigation consisted of assessing the performance of the trained networks in cases where noise is present within the test samples. This was to identify the robustness of the trained network to the presence of multiplicative noise, where multiplicative noise is most common in the case of SAR imagery. In this case, the modulus of each pixel is multiplied with the square root of a Gamma random variable [8]. For the results presented, values of the shape parameter  ν  of the Gamma distribution used are of 0.5 and 10, and the scale parameter   μ = 1 / ν  . These were applied to each of the dataset configurations in Table 3, and the resulting performance of the VGG architecture is given in Table 7.




3.4. ROC Analysis


As the final step of the proposed framework, ROC analysis was applied to the confidence levels of each network. An example ROC curve for the TGB30 target from the Densenet121 architecture trained on C1 is shown in Figure 5. The best threshold is found by subtracting the ROC curve (blue) from the ROC space diagonal (red), and then selecting the highest point on the resulting plot (green). This process allows the best threshold for each classification to be found, which aims to keep the correct classification rate high, whilst also reducing the error rate. Once the best threshold for each target for each network is found, the confidence of each network is reevaluated. If the confidence is lower than the set threshold, the sample is discarded. This analysis, therefore, provides two seperate metrics, a new classification accuracy and a rejection rate. An ideal threshold would aim to increase the new accuracy whilst keeping the rejection rate low. The new accuracies after the ROC analysis stage is shown in Table 8, and the corresponding rejection rates are provided in Table 9.





4. Discussion


4.1. Testing with GAN Images


The highest original test accuracy was achieved by Vgg on C4 (93.8%), as seen in Table 6. This was a configuration that included the maximum amount of synthetic samples. However, this does not necessarily indicate that the inclusion of synthetic samples provides a significant improvement as, when compared to the Resnet results, it can be seen that without any synthetic data, an accuracy of 93% can be achieved. To better visualize these results, Figure 6 shows how the accuracy of each network varies over different counts of synthetic data. These results correspond to configurations C1, C2, C3, and C4 in Table 3.



From this graph, it can be seen that for the selected scenario, introducing additional synthetic samples introduces a limited performance increase. The Resnet18 and Vgg11 architectures see very little improvement over the range of synthetic data, where Densenet121 and Inceptionv3 show a better response. However, even in the best case, only an accuracy increase of 5% is achieved.



In particular, Resnet only varies by 0.2%, Densenet increases from 87.5% to 92.6%, and VGG has a maximum of 93.8% when 393 synthetic data are used, while Inception increases from 87% to 91%.



Another insight that can be gained from the results is to see how the accuracy changes when the availability of real samples is reduced. These results correspond to the configuration pairings C1/C4, C5/C6, and C7/C8 in Table 3 and can be seen in Figure 7. This shows that the introduction of synthetic samples can greatly aid the training process when a small amount of real samples are available (This is a very important aspect as it is difficult and expensive to gather large training dataset in the investigated application domain.). It can be seen that as less real samples become available, the potential benefit of additional synthetic data increases. This can especially be seen in the case of Resnet18, where the potential gain in accuracy increases 0% to 9.7%, therefore showing that the the use of synthetic samples becomes more important in poorly represented datasets.



The difference for Densenet increases from 5.1% to 10.2% with decreasing number of real data samples used, similarly for Resnet, the performance improvement moves from 0.2% to 9.7% with this trend not confirmed only for the case of the Vgg11 network.



The response of the VGG network to noisy samples can also be analyzed. The results of the multiplicative noise experiment can be seen in Figure 8. These results show that, when light noise is present (  ν = 10  ), a similar trend in the results are exhibited, being that the inclusion of synthetic data is able to boost performance when limited real data is available. However, it can be seen that, when severe noise is present (  ν = 0.5  ), the accuracy of the network is greatly reduced, with little suport from the additional synthetic samples. This is as to be expected, as this level of severe noise is able to remove any useful information from within the samples.




4.2. ROC Analysis


As with the results in Section 4.1, it is best to analyze the response of the networks first as a function of synthetic data (C1, C2, C3, C4), shown in Figure 9, where both the network accuracy and rejection rates are shown. These plots show that, after ROC analysis, the accuracy over the differing levels of synthetic data follows the same pattern as seen in Section 4.1 (Figure 6), where, due to the abundant presence of real data, the addition of synthetic data is unable to provide significant improvements.



The best decrease in reject rate is for Densenet, where it decreases from 44% to 25.9%. All the other classifiers maintain approximately constant performance as more synthetic data is added. Inception has a big loss in performance at the end from 35% to 21.7%, while it is worth noting that Vgg already produces a low rejection rate and does not benefit much when synthetic data are introduced.



Figure 10 shows the response of the networks as the availability of real data is altered (C1, C4, C5, C6, C7 & C8). This also agrees with the results found in Section 4.1 (Figure 7) where, in the case of when real data is sparse, the accuracy can be increased by introducing additional synthetic data. This plot also provides new analysis, in which it can be seen that the inclusion of synthetic data also increases the confidence level of each network. With the exception of inceptionv3, the additional synthetic data increases the confidence of the networks, independently from the amount of real data present in the training set. The maximum increase of 18% is obtained in the case of Densenet, when the maximum amount of real data was available. This shows that the additional synthetic data can increase the overall confidence of the classifications.



In particular, from Figure 10 it can be observed that with the exception of Inception, the inclusion of 396 synthetic samples always reduces the rejection rate, as well as increasing the accuracy. The best examples are Densenet and Vgg, where the difference in reject rate for Densenet increases from 2% to 18%. The accuracy difference decreased. For inception, the inclusion of synthetic data only comes into effect when there is a relatively large number of real data, providing a decrease in rejection rate from 46% to 21.7%, even though the accuracy does increase with the synthetic data.





5. Conclusions


In this paper, a framework to perform SAR-based ATR in low resolution Foliage Penetrating SAR images is proposed. This specific ATR challenge is particularly difficult given the low resolution nature of the data and the fact that is difficult to obtain well populated datasets. The proposed approach investigates the potential use of CNN and GANs to address the target recognition problem. The paper has analyzed four different architectures of CNNs and how the introduction of GANs derived training data could benefit the capability of an ATR system to correctly recognize targets hiding under canopies. The analysis on the accuracy of the four networks and how they perform when trained with different amounts of real data and synthetic data has confirmed that the introduction of GANs generated data can improve the ATR performance, with larger benefits achieved when real training data are more limited. This trend has been confirmed also when assessing the confidence of a specific network to perform the recognition task, with rejection rates generally decreasing with increasing synthetic data injected at the training stage. Future work will investigate the use of ad-hoc networks to address this task, as well as the introduction of additional of the use of Single Look Complex SAR images and Polarimetric information.
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Figure 1. Proposed Automatic Target Recognition (ATR) framework. 
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Figure 2. Typical Generative Adversarial Networks (GAN) architecture. 
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Figure 3. (a) Terrain vehicle targets [35] (b) Extracted Synthetic Aperture Radar (SAR) targets (c) Example image from the CARABAS-II VHF-Band SAR dataset. 
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Figure 4. Generated images from the GANs under review. Classification TGB11. 
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Figure 5. Resulting ROC Curve for the TGB30 classification from the Densenet121 architecture trained on C1. 
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Figure 6. Accuracy of each network when altering the count of synthetic data within the training process. These results correspond to configurations C1, C2, C3, and C4. 
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Figure 7. Accuracy of each network when altering the count of real data within the training process. Two counts of synthetic data are shown. These results correspond to the configuration pairings C1/C4, C5/C6, and C7/C8. 






Figure 7. Accuracy of each network when altering the count of real data within the training process. Two counts of synthetic data are shown. These results correspond to the configuration pairings C1/C4, C5/C6, and C7/C8.



[image: Remotesensing 13 00596 g007]







[image: Remotesensing 13 00596 g008] 





Figure 8. Resulting accuracy of the Vgg architecture when presented with samples corrupted by multiplicative noise.   N C   represents the count of synthetic data used in training. 
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Figure 9. Response of networks after ROC analysis with increasing levels of synthetic data.These results correspond to configurations C1, C2, C3, and C4. The orange lines represent the rejection rates of the networks, whilst the blue lines represents the accuracy after ROC analysis. 
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Figure 10. Response of networks after ROC analysis with increasing levels of real data. These results correspond to the configuration pairings C1/C4, C5/C6, and C7/C8. 
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Table 1. Mission configurations of CARABAS-II VHF-Band SAR dataset.
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	Target Deployment
	Flight Heading (deg)
	Incidence Angle (deg)
	RFI
	Target Heading (deg)





	Sigismund
	225
	58
	High
	225



	Sigismund
	135
	58
	Low
	225



	Sigismund
	230
	58
	High
	225



	Karl
	225
	58
	High
	315



	Karl
	135
	58
	Low
	315



	Karl
	230
	58
	High
	315



	Frederik
	225
	58
	High
	225



	Frederik
	135
	58
	Low
	225



	Frederik
	230
	58
	High
	225



	Adolf-Fredrik
	225
	58
	High
	270



	Adolf-Fredrik
	135
	58
	Low
	270



	Adolf-Fredrik
	230
	58
	High
	270










 





Table 2. Fréchet Inception Distance Scores of each GAN.
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	GAN Model
	FID Score





	GAN
	310.2



	DCGAN
	163.42



	WGAN-GP
	171.12










 





Table 3. Definition of the real/synthetic sample split in each configuration.
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Training Data

	
Testing Data




	
Configurations

	
Real

	
Synthetic

	
Total

	
Real






	
C1

	
396

	
0

	
396

	
108




	
C2

	
396

	
132

	
528

	
108




	
C3

	
396

	
261

	
657

	
108




	
C4

	
396

	
393

	
789

	
108




	
C5

	
252

	
0

	
252

	
108




	
C6

	
252

	
393

	
645

	
108




	
C7

	
108

	
0

	
108

	
108




	
C8

	
108

	
393

	
501

	
108











 





Table 4. Hyperparameters for training the Convolutional Neural Networks (CNNs).
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	Optimizer
	Adam





	Learning Rate
	0.001



	Batch Size
	32



	Epochs
	100










 





Table 5. Initial CNN architecture test results, trained on C1.
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	Network
	Test Accuracy





	Resnet18
	90%



	Alexnet
	34%



	Vgg11
	94%



	Squeezenet
	36%



	Densenet121
	87%



	Inceptionv3
	83%










 





Table 6. Original classification accuracy of each CNN on each of the configurations.
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Networks




	
Configuration

	
Densenet

	
Inception

	
Resnet

	
Vgg






	
C1

	
87.5%

	
87%

	
93.1%

	
92.1%




	
C2

	
90%

	
89.8%

	
93.3%

	
92.8%




	
C3

	
91.4%

	
88.7%

	
93.3%

	
91.9%




	
C4

	
92.6%

	
91%

	
93.1%

	
93.8%




	
C5

	
79.4%

	
81.3%

	
83.3%

	
83.8%




	
C6

	
87.3%

	
84%

	
86.1%

	
90.5%




	
C7

	
61.1%

	
65.5%

	
68.3%

	
70.8%




	
C8

	
71.3%

	
71.5%

	
78%

	
76.4%




	
Average

	
82.6%

	
82.3%

	
86.1%

	
86.5%











 





Table 7. Accuracy of the Vgg on each dataset configuration corrupted by various levels of multiplicative noise.
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	Configuration
	No Noise
	    ν = 10    
	    ν = 0.5    





	C1
	92.1%
	88.9%
	63.7%



	C2
	92.8%
	89.6%
	61.6%



	C3
	91.9%
	87.7%
	64.6%



	C4
	93.8%
	88.7%
	60.4%



	C5
	83.8%
	78.9%
	50.2%



	C6
	90.5%
	86.1%
	56.3%



	C7
	70.8%
	63.4%
	51.2%



	C8
	76.4%
	71.3%
	50.5%










 





Table 8. Classification accuracy after ROC analysis.






Table 8. Classification accuracy after ROC analysis.





	

	
Networks




	
Configuration

	
Densenet

	
Inception

	
Resnet

	
Vgg






	
C1

	
95.8%

	
94.4%

	
98.5%

	
93.3%




	
C2

	
95.9%

	
97.2%

	
97.3%

	
93.2%




	
C3

	
95.8%

	
96%

	
96.7%

	
95.4%




	
C4

	
97.2%

	
96.4%

	
99.1%

	
94.8%




	
C5

	
89.6%

	
92.2%

	
95.7%

	
88%




	
C6

	
94%

	
93.1%

	
93.6%

	
94.9%




	
C7

	
71.5%

	
74.4%

	
80.2%

	
77.1%




	
C8

	
81%

	
87%

	
87.3%

	
81.7%




	
Average

	
90.1%

	
91.3%

	
93.5%

	
89.8%











 





Table 9. Rejection rate after ROC analysis.
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Networks




	
Configuration

	
Densenet

	
Inception

	
Resnet

	
Vgg






	
C1

	
44.4%

	
38%

	
25%

	
7.4%




	
C2

	
31.5%

	
34.5%

	
23.1%

	
4.4%




	
C3

	
27.8%

	
35.6%

	
22.5%

	
14.1%




	
C4

	
25.9%

	
21.8%

	
25.9%

	
6.7%




	
C5

	
41.9%

	
37.7%

	
46.5%

	
16.9%




	
C6

	
34.3%

	
46.1%

	
35.2%

	
14.1%




	
C7

	
52.1%

	
45.8%

	
56.7%

	
30.3%




	
C8

	
50%

	
57.4%

	
45.1%

	
24.1%
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