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Abstract: Multispectral imaging (MSI) technique is often used to capture images of the fundus by illuminating it with different wavelengths of light. However, these images are taken at different points in time such that eyeball movements can cause misalignment between consecutive images. The multispectral image sequence reveals important information in the form of retinal and choroidal blood vessel maps, which can help ophthalmologists to analyze the morphology of these blood vessels in detail. This in turn can lead to a high diagnostic accuracy of several diseases. In this paper, we propose a novel semi-supervised end-to-end deep learning framework called “Adversarial Segmentation and Registration Nets” (ASRNet) for the simultaneous estimation of the blood vessel segmentation and the registration of multispectral images via an adversarial learning process. ASRNet consists of two subnetworks: (i) A segmentation module S that fulfills the blood vessel segmentation task, and (ii) A registration module R that estimates the spatial correspondence of an image pair. Based on the segmention-driven registration network, we train the segmentation network using a semi-supervised adversarial learning strategy. Our experimental results show that the proposed ASRNet can achieve state-of-the-art accuracy in segmentation and registration tasks performed with real MSI datasets.
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1  Introduction

Ophthalmologists utilize fundus photographs to monitor the progression of certain eye conditions and diseases, such as diabetic retinopathy, age-related macular degeneration (AMD), and glaucoma [1−4]. Multispectral imaging (MSI) technology, based on light emitting diode (LED) illumination across a specific wavelength range, is often used to capture a series of narrow band spectral slices of the fundus [5−8]. The wavelengths of observation are selected such that light can penetrate the entire retina and choroid, such that the resulting images are composed of light reflected from different fundus tissue components, as shown in Fig. 1a. However, eye movements may introduce spatial misalignment between the multispectral images because these images are taken at separate points in time [9,10]. Fig. 1b shows the composite color image obtained by combining the MSI-550 and MSI-660 spectral slices, which looks very similar to a conventional fundus photograph. Such fundus images are indispensable to the diagnosis of various diseases; thus, it is important to effectively estimate as well as eliminate the spatial misalignment between the MSI slices during image analysis. Moreover, multispectral fundus imaging allows for a detailed analysis of the retinal blood vessels, which can further assist ophthalmologists in diagnosis and screening of related ophthalmic and blood vessel diseases.
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Figure 1: (a) Sequential MSI spectral slices of the fundus obtained using different wavelengths: 550 nm, 580 nm, 590 nm, 620 nm, 660 nm, 690 nm, 740 nm, 760 nm, 780 nm, 810 nm, and 850 nm. (b) Colored RG fundus photograph obtained by combining the green (MSI-550) and red (MSI-660) spectral slices

Image registration using MSI has two main challenges. The first is the apparent intensity difference between the multispectral images. The MSI technique uses different monochromatic wavelengths from a LED source to illuminate the fundus, which causes the incident light intensity and reflectivity at the same spatial position to vary significantly between the images. For example, as shown in Fig. 1a, the retinal blood vessels are more clearly displayed in the shorter-wavelength images, whereas the choroidal structures become more prominent at longer wavelengths. Thus, there is a significant difference between the spectral images in their overall appearance, although the retinal blood vessels remain distinguishable across the entire wavelength range. The second challenge arises due to the time difference between two consecutive images, which is enough for the eye movements to introduce a change in the effective angle of view. The non-rigid rotation of the eyeball introduces not only global displacements but also local distortions that differ across the image slices. Thus, rigid image registration is not a suitable option in this case.

To solve these challenges of multispectral fundus image registration, we propose a segmentation-driven registration network that is similar to the method discussed in Hu et al. [11]. The segmentation maps of blood vessels provide clear information regarding the underlying anatomical structure to guide the network training. The movement of the blood vessels and surrounding tissues between the images is not conducive to the training of our regression neural network; hence, we adopt the strategy of soft labels [12] to propose a weakly supervised registration network based on segmented retinal blood vessel maps for multispectral image registration. The trained model can predict the spatial correspondence between the original multispectral images directly without the blood vessel maps, and no iteration is required. However, it is difficult to obtain ground-truth blood vessel segmentation maps because it requires professional medical knowledge and thus more intensive work. Note that retinal blood vessel maps play a crucial role in helping ophthalmologists make early diagnosis of diabetes as well as several chronic cardiovascular and neurovascular diseases. Hence, the topic of retinal blood vessel segmentation has been extensively researched [13]. Deep learning-based end-to-end methods [14−16] that optimize intermediate features are used to address the problems associated with the task of blood vessel segmentation. In the context of multispectral fundus imaging, the gradual appearance of choroidal structures along with the weakening of the retinal blood vessel features at longer wavelengths further increase the difficulty of blood vessel segmentation.

Recently, several unsupervised and semi-supervised neural networks have been explored to address the challenges of obtaining ground truth in medical image processing. Both unsupervised registration [17−19] and unsupervised segmentation [20,21] learning methods define the respective tasks as a parametric function, which are then realized by optimizing a predefined objective function. Generative adversarial network (GAN) [22] based methods use adversarial learning to train the generative and discriminative modules and generate simulated datasets that can expand the training dataset [23,24]. Domain adaptation [25] is used to address the difference between the source and target data distributions; it is often used to solve the problems related to small training datasets and class imbalance in classification and segmentation tasks [26,27].

In this paper, we propose a semi-supervised deep-learning-based framework for multispectral fundus image analysis, which performs the dual tasks of registration and segmentation simultaneously. Our framework is composed of two neural networks: (1) A segmentation-driven registration network and (2) A segmentation network. Specifically, we present a scheme to better train the segmentation and registration networks by using an adversarial learning strategy. The retinal blood vessel maps generated by the segmentation network drives the training of the registration network. Based on the segmented blood vessel maps, we trained the registration network in a weakly supervised manner and obtained the spatial transform relationship between the two original retina images. Next, we compared the blood vessel map deformed by the spatial transformation layer with another map predicted by the segmentation network, and finally generated a confidence map. The confidence map provided the trustworthy regions in the segmented label map that modifies the segmentation network parameters. In this scheme, we can further adjust the segmentation and registration networks by using unlabeled data, thus countering the demand for large-scale training data. Our algorithm was applied to the tasks of multispectral fundus image segmentation and registration. Our experimental results indicate that the model proposed in this work, called “Adversarial Segmentation and Registration Nets” (ASRNet), is capable of improving the segmentation and registration accuracy significantly, compared to models that use separate algorithms for each task.

2  Proposed Approach

2.1 System Overview

As mentioned above, GANs [22] have been proposed to train the generative network using an adversarial learning process, which has achieved great success in semi-supervised image segmentation [28]. We have also incorporated the adversarial strategy into our proposed segmentation and registration networks. As shown in Fig. 2, the proposed ASRNet consists of two subnetworks: (1) A segmentation-driven registration network (denoted as R) and (2) A segmentation network (denoted as S).

2.1.1 Segmentation-driven Registration Network

In recent years, many registration algorithms based on deep learning have been proposed [17,29−31], including multi-modality registration methods [12,32]. The study discussed in Cao et al. [32] uses pre-aligned CT and MR images to train an inter-modality registration network, while [12] describes a method to infer the dense spatial correspondence from the information contained in the manual anatomical labels. To address the intensity difference between the multi-spectral fundus images, we introduced segmentation labels in our deep-learning-based registration method. We used a regression network to predict the spatial correspondence, following which the segmented label map was deformed by the spatial transform layer to iteratively refine the image registration. In other words, we used the spatial transform relationship between the blood vessel maps to determine the corresponding relationship between the original fundus image pair. Both the manually labeled blood vessel maps and the label maps obtained from the segmentation network can be used as training data for the registration network. Our network structure was based on Fan et al. [33], which designed a regression network for image registration. The details of this step are described in Section 2.2.

2.1.2 Segmentation Network

A fully convolutional network (FCN) [14] as well as more improved methods such as U-Net [16], DSResUNet [34], and deep retinal image understanding (DRIU) [15] are currently the most popular models for image segmentation. To fully leverage the global information in the fundus images, our segmentation network is chosen to be a simplified U-Net [16], which effectively combines high-level and low-level features that can estimate pixel-wise blood vessel segmentation in an end-to-end manner. Our proposed network can be trained with the manually labeled blood vessel maps as well as with the possibility region map generated by the registration model. The details of this step are described in Section 2.3.
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Figure 2: Flowchart of our proposed deep learning-based adversarial segmentation and registration method that consists of a segmentation-driven registration network and a segmentation network. We enable mixed supervision through two steps: (1) An image with manually labeled blood vessel maps is used for fully-supervised training of the segmentation network and weakly-supervised learning of the multispectral image registration. (2) An image without manual labeling is used for unsupervised adversarial training. Note that we use the segmentation network to output the predicted blood vessel maps for training the registration network. The deformed blood vessel maps can also be used for optimizing the segmentation network weights

2.2 Segmentation-Driven Registration Network

Deformable image registration establishes the spatial correspondence between different images. In general, the goal of deformable image registration is to optimize the energy of the form [35]
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The first term [image: images] quantifies the degree of alignment between the fixed and moving images, and [image: images] and [image: images] are the fixed and moving images. The second term [image: images] is the regularization constraint imposed on the displacement [image: images] by inherently smooth prior knowledge.

The registration network structure, as shown in Fig. 2, is composed of a regression network followed by a spatial transform layer [36]. The registration network has an encoder-decoder structure that consists of multiple layers, including convolution, pooling, and deconvolutional layers. The additional convolutional layers are placed in the gap between the encoder and the decoder to achieve balance between the low-level and high-level features [33]. By maintaining reasonable memory allocation, we reduce the number of channels in our network, similar to the algorithms presented in Balakrishnan et al. [17]. According to the energy function of deformable image registration, we propose using the following loss function that is composed of two terms such that
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2.2.1 (Dis)similarity Loss

The training objective of the segmentation-driven registration network is to estimate a dense spatial correspondence that warps the moving image to spatially align it with the fixed image. In other words, the goal is to align the fundus image [image: images] with the corresponding blood vessel map [image: images], such that the dissimilarity in the blood vessel map is minimized. In particular, to utilize the edge gradient and the background of the blood vessels more effectively, we use soft label maps with a 2-D Gaussian filter ([image: images]) instead of binary labels [12]. To train the segmentation-driven inter-spectral fundus image registration network, the (dis)similarity loss can be defined as the following objective function:

[image: images]

where [image: images] represents the pixel coordinate [image: images] in the fixed label [image: images], and [image: images] is the total number of pixels.

2.2.2 Regularization Loss

To ensure smoothness of the spatial transform predicted by the regression network, we propose using a composite regularization loss function to train the network, which is defined as follows:

[image: images]

The first term represents a Laplacian ([image: images]) operation to attain the smoothness constraint for the spatial transformation, while the second term balances the initial value of the regression model. Our experiments validate that these two constraints are indispensable for the regularization of the transformation field, where [image: images] and [image: images] are the trade-offs characterizing the regularization parameters of the displacement. In our experiments, we set [image: images] and [image: images].

2.3 Segmentation Network

The segmentation network can be any end-to-end segmentation network. In this study, we used a convolutional neural network architecture, similar to U-Net, to segment the blood vessel maps.

Generalized dice loss: In the retinal blood vessel segmentation task of the fundus images, the blood vessel labels represent a very small fraction of the entire fundus image. To overcome this, we recommend the use of generalized dice loss [37] as the segmentation loss function to pay more attention to the pixels that are difficult to learn from. This is given by

[image: images]

where [image: images] is the number of semantic categories, which are only the blood vessel regions and their background in our experiments; [image: images] provides the balancing weight of the prospects and the background, and we set [image: images]; [image: images] and [image: images] indicate the ground-truth and predicted maps from the segmentation network, respectively. The weight of the label is adjusted for volume, and the training process pays more attention to the areas that are difficult to identify, such as the edges of blood vessels and the thinner vessels.

Adversarial loss: The segmentation network can predict the multispectral images corresponding to the blood vessel maps, and the registration network can predict the spatial correspondence between the image pairs. Thus, by warping the segmentation label using a spatial transform layer we can obtain the warped label and further generate the possibility region map. This possibility region map can be used as the ground truth to train the segmentation network using unlabeled data. The adversarial loss function has the same form as the generalized dice loss, such that:

[image: images]

where [image: images] is the possibility region map warped by the displacement field obtained from the registration network and [image: images]. The training of the segmentation and registration networks depends on the blood vessel labels, which optimize the respective network parameters during each iteration. This may lead to the accumulation of registration error during the adversarial training process. To avoid this, we use appropriate, unlabeled multispectral data to train the adversarial network.

3  Experiments

3.1 Dataset Description

The MSI dataset used in this work was collected in-house. It is composed of 56 sets from 28 volunteers, with each set consisting of 11 ocular posterior pole images. The MSI images were acquired on an RHA™ instrument that performs fast imaging in the visible and near-infrared wavelengths, such that 11 images were captured with wavelengths of 550 nm, 580 nm, 590 nm, 620 nm, 660 nm, 690 nm, 740 nm, 760 nm, 780 nm, 810 nm, and 850 nm, which correspond to green, yellow, amber, red (4), and infrared (4), respectively. The image resolution is [image: images]. Next, 15 landmark features were manually selected in each image sequence by ophthalmologists using MRIcron [38]. This dataset was used to evaluate the registration performance of our method. In addition, ophthalmologists manually labeled fundus blood vessel maps for training our registration module, which in turn was used to validate our algorithm.

3.2 Experimental Setup

The 56 image sequences containing blood vessel labels were split into four sets, such that training and validation were conducted on 24 sequences obtained from 12 volunteers; adversarial training was conducted on 16 sequences from 8 volunteers; and testing was performed on 16 sequences from 8 volunteers. During the training and validation stage, the ASRNet was optimized using both the MSI data and the corresponding retinal blood vessel maps. During the adversarial training stage, the ASRNet was optimized using only the MSI data. Note that the image data without manual labeling were used for testing. During the testing stage, no manual labeling is needed because no hints can be expected when analyzing data in reality.

The adversarial network was implemented in PyTorch [39], and it was trained on two Nvidia Tesla V100 GPUs with 32 GB of video memory. We adopted the Adam algorithm [40] to train the proposed adversarial network with an improved loss function. The two modules (S and R) were trained separately on the training dataset to obtain two initial models. Next, the two models were combined and adversarial training was performed on the entire training dataset. The training details are as follows: (1) Registration network: training epochs [image: images], learning rate [image: images], batch size [image: images]; (2) Segmentation network: training epochs [image: images], learning rate [image: images], batch size [image: images]; (3) Adversarial network: training epochs [image: images], learning rate [image: images], batch size [image: images]. It took about [image: images] h to train the entire network.

3.3 Quantitative Measurements

To quantitatively evaluate the prediction accuracy, we utilized the mean absolute error (MAE) between the manually marked points to measure the results of registration [41]. This is defined as:

[image: images]

where [image: images] is the number of images in a group; [image: images] is the manually marked point; [image: images] is the corresponding point in the warped moving image, and [image: images] denotes the absolute error between the manually marked point and its corresponding point.

To quantitatively characterize the prediction accuracy, we utilized the Dice similarity coefficient (DSC) score [42] of the retinal blood vessel labels as a performance metric to measure the results of segmentation. This is defined as:
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where [image: images] represents the ground-truth blood vessel labels and [image: images] the predicted labels.

To demonstrate the advantage of our proposed method, in the following sections we compare our results with those of typical algorithms, as well as with the results obtained by using only the registration network ASRNet-R or only the segmentation network ASRNet-S.

3.4 Registration Results

Table 1: Registration results: Comparison of mean MAE values from 16 sequences of the MSI fundus image dataset obtained using methods having different strategies

[image: images]

In our multispectral fundus image registration experiments, all images within the set were paired with each other, such that each group contained [image: images] pairs of images. After the network was trained, we deployed it on the test dataset and evaluated the accuracy of our method by comparing with two popular registration methods: (1) VoxelMorph [43], as well as VoxelMorph with segmentation-driven strategy, named VoxelMorph (L) and (2) the label-driven weakly-supervised learning method (LDWSL) [11].

Tab. 1 shows the mean MAE in pixels obtained using the manually marked points in the registration results. We observe that all the algorithms that conduct training with blood vessel maps perform reasonably well for multispectral image registration. However, the performance of conventional VoxelMorph [43] without segmentation information is poor, which shows that segmentation-driven strategy is highly effective for multispectral fundus image registration. Moreover, the performance in Tab. 1 indicates that adversarial learning contributes to significantly improved results, as it provides more reference training data. Similar conclusions can also be reached by visually comparing multispectral fundus images analyzed by different methods, as shown in Fig. 3. Thus, we emphasize that our proposed ASRNet algorithm has the best performance among the registration methods discussed here, which can be attributed to its combined segmentation-driven and adversarial learning strategies. The ASRNet method is also very fast at the testing stage, automatically registering images at the rate of approximately 0.75 s second automatic registrations per image pair can be predicted on the single GPU, which is far much more efficient than traditional registration algorithms.
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Figure 3: Registration results of multispectral fundus images. Top row: spectral slices corresponding to (a) MSI-550 and (c) MSI-740; and manually labeled blood vessel maps corresponding to (b) MSI-550 and (d) MSI-740. Middle row: Qualitative comparison of the fundus images using five different registration methods. Bottom row: close-ups of key areas from the corresponding fundus images in the middle row

3.5 Segmentation Results

To demonstrate the advantage of our proposed adversarial segmentation and registration network, we used the same dataset to compare our method with two classical blood vessel segmentation networks, namely, U-Net [16] and DRIU [15]. Note that U-Net [16] and ASRNet-S have the same structure and loss functions. Tab. 2 lists the mean DSC scores along with their standard deviations for the blood vessel segmentation results obtained with four different methods. We observe that the segmentation networks work well in segmenting the blood vessel maps in the shorter wavelength spectral images, but their performance deteriorates for the longer wavelength spectral images (which are often more challenging to segment due to the appearance of the choroidal structure). Our network structure is similar to that of U-Net, and we used generalized dice loss as the loss function to solve the problem of class imbalance in ocular fundus blood vessel segmentation. We see that compared to U-Net and DRIU, ASRNet-R already improves the accuracy significantly. However, ASRNet being a semi-supervised scheme using adversarial learning achieves even better segmentation results. For a visual assessment, we also present our segmentation results for the MSI fundus dataset in Fig. 4; and the results generated by different retinal blood vessel segmentation methods and their corresponding ground truths in Fig. 5. The superiority of ASRNet over U-Net and DRIU can also be estimated from the difference maps shown in Fig. 5, which were obtained between the predicted retinal blood vessel labels and the corresponding ground-truth labels.

[image: images]

Figure 4: Blood vessel segmentation results of multispectral fundus images. Top row: MSI spectral slices of the fundus from a patient. Middle row: Ground-truth retinal blood vessel maps. Bottom row: Segmented blood vessel maps obtained from the proposed ASRNet method

[image: images]

Figure 5: Comparison of the segmentation results obtained using U-Net, DRIU, ASRNet-S, and the proposed ASRNet method

Table 2: Segmentation results: comparison of DSC scores for the MSI fundus image dataset obtained by different methods. The average Dice scores are computed over retinal vessels before the parentheses, and the standard deviations are in parentheses
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4  Conclusion

In this study, we presented a novel semi-supervised segmentation and registration network, ASRNet, for analyzing multispectral fundus images. This framework combines the novel segmentation-driven weakly-supervised registration method with a deep learning-based segmentation model. To address the lack of ground-truth label maps for fundus images obtained using MSI, ASRNet implements the adversarial segmentation and registration strategy to simultaneously estimate the blood vessel maps and the image-pair spatial correspondence. In this framework, the segmentation network S produces the blood vessel labels that drives the registration network; the registration network R outputs the spatial transform that is used to deform the blood vessel labels and generate the possibility region map, which can be further used to train the segmentation network. However, we should mention that, this method should not use unlabeled data excessively. Our experimental results show that the proposed ASRNet algorithm achieves simultaneous estimation of segmentation and registration and improves the accuracy of both the tasks.
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