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Abstract

:

Satellite sensors like Landsat 8 OLI (L8) and Sentinel-2 MSI (S2) provide valuable multispectral Earth observations that differ in spatial resolution and spectral bands, limiting synergistic use. L8 has a 30 m resolution and a lower revisit frequency, while S2 offers up to a 10 m resolution and more spectral bands, such as red edge bands. Translating observations from L8 to S2 can increase data availability by combining their images to leverage the unique strengths of each product. In this study, a conditional generative adversarial network (CGAN) is developed to perform sensor-specific domain translation focused on green, near-infrared (NIR), and red edge bands. The models were trained on the pairs of co-located L8-S2 imagery from multiple locations. The CGAN aims to downscale 30 m L8 bands to 10 m S2-like green and 20 m S2-like NIR and red edge bands. Two translation methodologies are employed—direct single-step translation from L8 to S2 and indirect multistep translation. The direct approach involves predicting the S2-like bands in a single step from L8 bands. The multistep approach uses two steps—the initial model predicts the corresponding S2-like band that is available in L8, and then the final model predicts the unavailable S2-like red edge bands from the S2-like band predicted in the first step. Quantitative evaluation reveals that both approaches result in lower spectral distortion and higher spatial correlation compared to native L8 bands. Qualitative analysis supports the superior fidelity and robustness achieved through multistep translation. By translating L8 bands to higher spatial and spectral S2-like imagery, this work increases data availability for improved earth monitoring. The results validate CGANs for cross-sensor domain adaptation and provide a reusable computational framework for satellite image translation.
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1. Introduction


Satellite sensors capture multispectral observations of the Earth’s surface at different spatial resolutions. Typically, there is a trade-off between spatial resolution and acquisition revisit time (temporal resolution) for a single sensor [1]. Higher spatial resolution sensors often have a narrower swath width and a lower revisit frequency. Furthermore, cloud cover is a major issue for optical imagery that further reduces image availability. To obtain more frequent cloud-free observations, satellite constellations can be formed using multiple satellites with similar sensors [2]. For example, the Sentinel-2 (S2) constellation launched by the European Space Agency (ESA) consists of Sentinel-2A MSI (2015) and Sentinel-2B MSI (2017), each with 13 spectral bands at spatial resolutions of 10 m, 20 m, and 60 m. The S2 constellation improves the temporal acquisition frequency from 10 days to 5 days. Commercial satellite imagery, obtained by Planet through a constellation of approximately 24 operational satellites, provides the capability to capture near-daily images with a resolution of 3 m. In addition to satellite constellations, virtual constellations of different satellite sensors, i.e., combining existing satellite observations of similar characteristics, provide a viable way to mitigate the limitations of a single sensor [1,3,4,5,6].



Several studies have investigated the benefits of the combined use of Landsat 8 OLI (L8) with S2 [7,8,9,10,11]. Hao et al. [12] took advantage of the greater number of cloud-free pixels available of combined L8 and S2 products to improve crop intensity mapping. Tulbure et al. [13] leveraged the denser frequency of combined L8 and S2 to capture temporally dynamic ephemeral floods in drylands. In addition to enhancing temporal frequency, another added value of combining L8 and S2 is enhanced spectral information. S2 contains three red-edge spectral bands between the wavelengths of red and near-infrared that are not available in L8. The red-edge spectral bands increase land-use and land-cover mapping accuracy [14] and are beneficial for measuring leaf area index [15], estimating chlorophyll content [16], improving the mapping accuracy of wetlands [17], and land-use and land-cover change [18].



Despite the spatial and spectral similarity between L8 and S2, there are differences in spatial resolution and spectral bands between the two sensors that lead to uncertainty when directly combined without adequate pre-processing. To harmonize the two satellite sensors, Claverie et al. [19] developed Harmonized Landsat and Sentinel-2 (HLS) products by combining seven common L8 and S2 spectral bands to generate 30 m spatially co-registered Landsat-like bands at 5-day intervals. In the HLS products, L8 and S2 are spatially harmonized by resampling the S2 data into 30 m grids that overlap with L8 and spectrally harmonized through spectral bandpass adjustment using 150 globally distributed hyperspectral Hyperion images. Since the release of HLS products, they have been used in various remote sensing applications because of their increased data availability [12,20,21,22]. In addition, several methods have been developed to improve harmonization between L8 and S2 [23,24,25,26,27]. Shang and Zhu [24] proposed an improved algorithm to harmonize the two datasets through a time series-based reflectance adjustment (TRA) approach to minimize the difference in surface reflectance. However, both HLS and TRA generate images at 30 m that do not take advantage of the higher spatial resolution S2 imagery. Hence, to incorporate the higher spatial details provided by S2, Shao et al. [23] and Pham and Bui [27] used a deep learning-based fusion method to learn the non-linear relationship and generate images at a higher spatial resolution of 10 m. Shao et al. [23] used a convolutional neural network (CNN) to predict 10 m L8 images with the help of S2 data during training, while Pham and Bui [27] used a Generative Adversarial Network (GAN). However, both studies excluded the S2 red edge bands in their analysis. Conversely, Scheffler et al. [25] simulated L8-like and S2-like images from airborne hyperspectral images and then applied regression and machine learning algorithms to predict S2-like red edge bands from L8 at 30 m, which shares the same limitations as HLS and TRA regarding spatial details. Only one harmonization study targeted 10 m resolution and included red edge bands [26]. Isa et al. [26] trained a super-resolution CNN model to predict the S2-like red edge bands at 10 m from L8. However, CNNs are limited by their user-defined loss function and do not learn from real data, unlike GANs. Recently, Chen et al. [28] developed a feature-level data fusion framework using a GAN to reconstruct 10 m Sentinel-2-like imagery from 30 m historical Landsat archives. Their GAN-based super-resolution method demonstrated effective reconstruction of synthetic Landsat data to Sentinel-2 observations, thus suggesting potential for improving both spatial and spectral resolutions of harmonized products between L8 and S2. It is evident that existing harmonization methods and products have incentivized and improved the synergistic use of L8 and S2, but more research is needed to enhance both the spatial and spectral resolutions of harmonized products between L8 and S2.



Translating L8 to S2-like images can be defined as a domain transfer problem, where the two sensors, L8 and S2 (the two domains), capture the same land surface area. Image translation algorithms can transfer domain-specific information from one domain to another, for example, Goodfellow et al. [29] proposed a deep learning-based framework for similar domain adaptation tasks using adversarial networks. Subsequently, their GAN framework has been effectively used for several image-processing tasks, such as image super-resolution [30], registration [31], classification [32], and translation [33]. An example of the efficacy of GANs in enhancing spatial resolution is provided by Kong et al. [34], who used a dual GAN model to super-resolve historical Landsat imagery for long-term vegetation monitoring. Isola et al. [33] developed a conditional GAN (CGAN) for translating images across multiple domains, for example, translating satellite imagery to maps. Their network learned the representations between the two domains to predict an image from the desired distribution (e.g., maps) given an image from the source distribution (e.g., satellite imagery). Following the advancements in generative modeling using GANs, remote sensing researchers have addressed the issue of satellite data availability by translating multi-sensor images. Recent work has explored the generation of synthetic bands for existing satellites as a way to synchronize multispectral data across different data products, utilizing a combination of variational autoencoders and generative adversarial networks [35]. Merkle et al. [36] explored the potential of GANs for optical and SAR image matching. Ao et al. [37] translated publicly available low-resolution Sentinel-1 data to commercial high-resolution TerraSAR-X using a dialectical generative adversarial network (DiGAN). Bermudez et al. [38] synthesized optical and SAR imagery for cloud removal using GAN and Fuentes Reyes et al. [39] generated alternative representations of SAR by synthesizing SAR and optical imagery to improve visual interpretability. Akiva et al. [40] synthesized PlanetScope-like SWIR bands from S2 to improve flood segmentation using GANs. Recently, Sedona et al. [41] employed a multispectral generative adversarial network to achieve high performance in harmonizing dense time series of Landsat-8 and Sentinel-2 images. Their approach not only produced higher-quality images but also demonstrated superior crop-type mapping accuracy in comparison to existing methods. In fact, Pham and Bui [27] applied GANs to enhance L8 spatial resolution to match S2. Therefore, the success of GANs in translating satellite images across domains provides an ideal opportunity for translating L8 to S2, particularly for predicting the additional red-edge bands of S2 from L8.



In this paper, we define this task of predicting S2-like images from L8 images as an image translation task where we train a conditional GAN to translate L8 spectral bands to S2-like spectral bands. In addition to predicting the common spectral bands between L8 and S2, we generate S2-like red edge bands from L8 images that are not present in the L8 product. More specifically, we investigate the performance of CGANs in predicting five S2-like spectral bands—green, red edge 1, red edge 2, red edge 3, and narrow near-infrared (NIR) from two spectral bands of L8—green and NIR. In addition to evaluating the benefits of CGANs, we evaluated two approaches for predicting S2-like red edge bands from L8—direct and multistep. The multistep approach divides the task into two parts to reduce per-model complexity. First, we predict the S2 spectral band from the equivalent L8 spectral band before attempting to predict the red edge bands that are not available in L8. In the case of the direct approach, the CGANs are trained to predict the red edge bands directly from the most correlated L8 bands.




2. Materials and Methods


2.1. Landsat 8 and Sentinel-2 Scenes


We acquired spatially coincident relatively cloud-free level 2 atmospherically corrected surface reflectance L8 and S2 scenes from 2019. L8 was downloaded from USGS Earth Explorer and S2 was downloaded from Sentinel Hub. L8 scenes have a larger spatial footprint compared to S2; therefore, multiple S2 scenes (with the same acquisition date) were mosaicked to build some of the L8-S2 scene pairs. The path/row of L8 scenes and the corresponding tile IDs S2 scenes are provided in Table 1. In total, 11 S2 scenes and 5 L8 scenes were processed to create 5 L8-S2 scene pairs. Since same-day acquisitions of L8 and S2 are not very common for a given location, we allowed a maximum gap of 3 days between the acquisitions. Consequently, this temporal gap resulted in some land surface changes. There were occurrences of cloud cover and cloud shadow in the image pairs. However, due to the differences in image acquisition times of the sensors, these pixels were present only in one of the L8 and S2 pairs. Figure 1 shows two examples: (a) cloud-free and (b) cloud-covered examples from the training datasets.




2.2. Training Dataset Preparation


In this study, we selected the green and NIR spectral bands from L8, along with the green, narrow NIR, and red edge bands (RE1, RE2, RE3) from S2. Table 2 shows the details of the wavelength ranges and spatial resolutions of these selected bands. As described in the methodology in Section 2 (Figure 2), we generated five separate training datasets for the translation of each S2 band from its corresponding L8 band. While the trend in the literature involves employing a deep learning model to learn multiple bands in one single task, we argue that this approach increases the task’s complexity. In contrast, training separate models for each spectral band allows each model to focus on learning the representations solely between two specific bands.



Each L8 band was resampled to match the spatial resolution of its corresponding S2 band using nearest neighbor interpolation; for instance, L8 green at 30 m was resampled to S2 green at 10 m. This technique was chosen to ensure that the original surface reflectance values remained unchanged, as opposed to using bilinear or bicubic. Given that the L8 green band also serves to predict S2 RE1, we matched their spatial resolutions during the data pre-processing steps by resampling 20 m S2 RE1 to 10 m.



The L8 and S2 imagery were then spatially aligned through clipping them. However, we encountered spatial registration inconsistencies between L8 and S2, a phenomenon also observed by Storey et al. [42] and attributable to spatial resolution disparities. For example, a 30 m L8 pixel may encapsulate up to nine 10 m S2 pixels, leading to unavoidable misregistration issues as emphasized by Jiang et al. [43]. To reduce this, we employed a phase correlation technique [44] to reduce this error. Keeping S2 constant, we slid the L8 image in each direction to find the coordinates with the highest correlation.



After reducing misregistration errors and spatially aligning each pair, we extracted image patches of dimensions 256 × 256 from both the L8 and S2 datasets. The choice of a 256 × 256 patch size was a trade-off between capturing sufficient spatial context for the model and the computational constraints imposed by our GPU capabilities. Opting for larger image patches would necessitate reducing the batch size, a modification that could increase the risk of model overfitting. Due to the resampling of L8 green and S2 RE1 to a 10 m spatial resolution (refer to Section 2, Figure 2), the dataset comprised 7552 image pairs for these particular bands. Similarly, the dataset for the 20 m S2 NIR, S2 RE2, S2 RE3, and the resampled L8 NIR (from 30 m to 20 m) contained 3291 training images each. For the purposes of model validation and testing, we randomly partitioned 5% of the total data into separate validation and test sets. These subsets consisted of 375 images for the 10 m dataset and 80 image patches for the 20 m dataset.




2.3. Methodology


L8 has several spectral bands whose wavelength overlaps with S2 spectral bands (see Table 2), and these bands exhibit a strong correlation across L8 and S2 [7]. One of our research aims is to understand the relationships between these common spectral bands across the two sensors. While the task of translating common bands—such as L8 green to S2 green or L8 NIR to S2 NIR—may appear straightforward, the complexity arises from the disparity in wavelength ranges covered by the spectral bands across L8 and S2. Indeed, translating S2 RE bands, which are absent in L8, introduces additional complexity. To address this challenge, Scheffler et al. [25] employed hyperspectral data to simulate Landsat and Sentinel-2 bands; conversely, GAN techniques have been successfully applied in translating across more disparate domains like optical to SAR [45].



We, therefore, opted to predict Sentinel-2-like RE bands by translating the L8 band exhibiting the highest correlation with each of the S2 RE bands. In ref. [31], the authors determined the correlation coefficients between the S2 bands across multiple scenes and discovered that the S2 green band had the highest correlation with S2 RE1; similarly, S2 NIR narrow exhibited the highest correlation with S2 RE2 and RE3. We developed two distinct strategies. The first involves directly predicting the S2-like RE bands from the L8 band that most closely correlates with them, as studied by Mandanici and Bitelli [7]. This is referred to as our direct approach.



Our multistep approach introduces an intermediary translation phase: initially, we translate the L8 band to its corresponding S2 band—for instance, L8 green to S2-like green. Subsequently, we derive the S2-like RE band from the translated S2-like band, as evidenced in Figure 2. The multistep approach operates under two assumptions: first, deconstructing the complex translation task into simpler sub-tasks can enhance model performance; and second, the incorporation of additional reference imagery via an additional step could improve both model accuracy and robustness.




2.4. Conditional Generative Adversarial Network


The deep learning architecture is based on the conditional generative adversarial network (CGAN) proposed by [33]. The task of the generator is to generate samples belonging to the target distribution (e.g., an S2-like spectral band) from the source distribution (L8 spectral bands), while the task of the discriminator is to help improve the transformative ability of the generator by learning to differentiate between S2-like bands (estimated from L8 bands) and original S2 bands. Figure 3 shows our generator architecture, which consists of two networks—an encoder and a decoder network. The encoder and the decoder networks progressively upscale and downscale the images, respectively, to learn the representations between the image pairs at multiple scales. Spatial information is preserved through identity connections at each scale before upscaling/downscaling operations. We implemented U-Net based architecture [46] with a ResNet-34 as our encoder and added a self-attention layer [47] similar to [48] to preserve the global dependencies during the reconstruction of the target image. The loss function of the generator was mean average error or L1.



The discriminator is based on the architecture PatchGAN, as defined by Isola et al. [33]. This architecture divides the input image from the generator into smaller patches. The discriminator receives S2 images from two distributions—original S2 images and the translated S2-like images by the generator one at a time. The network then assesses each patch to determine if it is more similar to the original S2 distribution or the S2-like distribution generated by the generator. The loss function of the discriminator, which is the mean average error or L1, learns to differentiate between the two sets, helping the network to classify the image generated by the generator into these two categories.



The objectives of the generator and the discriminator networks are adversarial. For example, the generator aims to generate S2-like images that are ideally indistinguishable from original S2 images, while the discriminator learns to effectively distinguish the generated S2-like images from the original S2 images, participating in a minimax game [29]. The objective function V(G, D) in Equation (1) defines the performance metrics for the generator (G) and discriminator (D) within a GAN framework. The D maximizes V(G, D) through accurate classification of real versus synthetic images. The G minimizes V(G, D), creating images from a latent distribution z that mimics the real data distribution x from Sentinel-2 (S2). The D evaluates the input images to assign probabilities that identify their source (original S2 or S2-like from G). Equilibrium is attained when the D probability assessment for both image types converges to 0.5, indicating the G’s effectiveness in generating from the real S2 image distribution.


  V  ( G , D )  =  E  x ∼  P  Sentinel - 2    ( x )     [ log D  ( x )  ]  +  E  z ∼  P  Landsat 8    ( z )     [ log  ( 1 − D  ( G  ( z )  )  )  ]   



(1)







CGANs can be difficult to train; therefore, we followed DeOldify’s [49] NoGAN training process to improve network training stability. Following this strategy, we pre-trained our G for 10 epochs separately and then we trained our D for 10 epochs on the generated images by the pre-trained generator. Next, we trained both G and D for 80 epochs switching between the networks with multiple learning rates. We used a loss threshold for our discriminator to make sure that it does not improve significantly relative to the generator. If the discriminator becomes significantly better than the generator, the overall training accuracy of our CGAN will not improve any further. Figure 4 shows an overview of our network setup.




2.5. Method Comparison and Evaluation


We expect our CGAN to learn the representation between the source (L8) and the target set (S2) to predict S2-like images spatially and spectrally close to the original S2. Therefore, we evaluated the translations by CGAN against the original S2 spectral bands. We evaluated the performances of our CGAN both quantitatively and qualitatively. We used metrics that are widely used in the field of remote sensing to quantitatively evaluate satellite images, including Erreur Relative Globale Adimensionnelle de Synthèse (ERGAS; [50]), spectral angle mapper (SAM; [51]), spatial correlation coefficient (SCC; [52]), peak signal-to-noise ratio (PSNR [53]), root mean squared error (RMSE), and Universal Quality Image Index (UQI; [54]). ERGAS and SAM are useful for assessing spectral differences, whereas SCC and PSNR evaluate spatial reconstruction. RMSE and UQI provide a more holistic assessment of the quality of translations. We visually observed the differences between the predicted and the target images for qualitative evaluation. Table 3 describes each metric and its ideal score. In addition to the results from the architectures, we compared the results with the original Landsat 8 images as a baseline to measure the actual improvements by these methods.





3. Results


We evaluate the performance of CGANs towards translating S2-like green and NIR bands using the corresponding L8 green and NIR bands. Next, we evaluate two approaches: direct and multistep, towards translating S2-like RE1, RE2, and RE3 bands from L8 green and NIR bands.



3.1. Translating S2-like Green and NIR Spectral Bands from L8


Figure 5 shows the S2-like green and NIR images translated by CGAN. Our CGAN downscaled L8 green (30 m) to S2-like green (10 m) at a scale factor of 3. The network increased the effective spatial resolution of the L8 green images which is noticeable through the clear and less pixelated edges of the river and roads in the translated image (Figure 5(A2)). Further, CGAN translated 30 m L8 NIR images to 20 m S2-like NIR narrow images by downscaling the images at a scale factor of 1.5. Even at a low scale factor, the translations by the network are sharper than the original L8 NIR images, as observed from the edges of the agricultural patches. According to the quantitative evaluation (Table 4), CGAN minimized spectral and spatial differences between the L8 and S2 images across all metrics. Most improvements can be observed through the increase in the spatial correlation coefficient (SCC), signifying that CGAN was able to reconstruct the finer spatial features of the higher-resolution S2 images accurately. Figure 6 shows layer-stacked images of the L8 and S2 images along with the translations. Each image in the figure (see Figure 6) is layer-stacked with NIR, green, and green (repeated), respectively. To layer stack the images, the 20 m S2-like NIR images were downscaled to match the 10 m spatial resolution of the S2 green band using bilinear interpolation. We observe (Figure 6) that the network increased spatial resolution of the L8 images which is most noticeable through the sharper road networks and building boundaries. Additionally, the network was able to maintain spectral fidelity as we did not observe any spectral distortion between the predicted and the target images.




3.2. Translating S2-like RE1, RE2, and RE3 Bands from L8


Figure 7 shows the S2-like RE1, RE2, and RE3 translations by CGAN using two different approaches—direct and multistep. The objective for both of these approaches was to downscale the 30 m L8 green bands to 20 m S2-like RE1 bands at a scale factor of 1.5. However, to accommodate the multistep approach, all images are resampled to 10 m to match the resolution of the S2 green band. From the results, we observe a noticeable improvement in the spatial resolution from the original L8 from both direct and multistep approaches. We observe that both strategies were effective at translating S2-like RE1 bands (Figure 7(A2)) that are spectrally more similar to the target S2 RE1 image compared to the L8 green image. Since the target S2 RE1 images were resampled to a higher resolution of 10 m compared to its original resolution of 20 m, the CGANs in the direct approach were able to reconstruct the spatial features at a finer spatial resolution. We observe that the direct approach produced visually better results compared to the multistep approach. Interestingly, resampling the image to a higher spatial resolution also allowed the direct CGAN to produce sharper images than the 20 m S2 RE1. In contrast, the multistep approach produced images that are spatially and texturally similar to the original 20 m S2 RE1. This is due to the additional step in which the CGAN first translates the L8 green to S2-like green and then translates the S2-like green image to the target S2-like RE1. The additional step allows the network to learn the spatial representations between the input and the target images more accurately, hence producing images that are qualitatively and quantitatively more similar to the target 20 m S2 RE1 images. This feature of the multistep approach is observed in its better quantitative performance compared to the direct approach (Table 5).



Similarly, the two approaches were used to translate 20 m S2-like RE2 and RE3 images from 30 m L8 NIR. From Figure 7 we observe that both approaches improved the spatial resolution of the predicted S2-like RE2 and RE3 images from L8 NIR. Unlike the case for predicting the S2-like RE1 bands, predicting the RE2 and RE3 bands did not require further resampling steps for spatial resolution matching. S2 NIR, which is required as an intermediate step for the multistep method, and the target RE2 and RE3 images have the same spatial resolution at 20 m. Therefore, it is not surprising that the multistep method took advantage of an additional learning step and produced sharper images compared to the direct method (Figure 7(B2,B3,C2,C3)). From the quantitative evaluation results reported in Table 5, we observe that the performance of both direct and multistep approaches is comparable as they minimize the gap between L8 NIR and the S2-like RE2 and RE3 bands. We layer stacked S2-like RE1, RE2, and RE3 bands translated by both the approaches (Figure 8), to compare spatial and spectral reconstruction. Each RGB image is layer-stacked with RE3, RE1, and RE2 in that order, except the L8 scene. The L8 scene in Figure 8A is layer-stacked with the spectral bands with which each RE band was predicted, i.e., NIR (for predicting SR3), green (for predicting SR1), and NIR (for predicting SR2). Overall, we observe that both direct (Figure 8B) and multistep (Figure 8C) approaches reduced the spectral gap between the L8 and the target S2 images significantly. However, discernible differences can be observed in the spectral reconstruction performances of the two approaches. Images produced by the direct approach exhibit artificial noise, while those generated through the multistep method appear visibly cleaner. The additional learning step in the multistep method allows for a more stable translation performance.





4. Discussion


4.1. CGAN Performance towards Predicting S2-like Spectral Bands


CGANs were effective in translating S2-like spectral bands from L8 bands. They reduced the spectral difference between the spectral bands available in both sensors (i.e., green and NIR). CGANs also spatially enhanced the original L8 images to match the target S2 spectral bands. Of the two approaches used to predict the additional S2-like RE bands from L8, the multistep method produced qualitatively better and more consistent results than the direct approach. Breaking the more complex task of predicting S2-like bands from L8 into two smaller tasks—translating the corresponding S2-like band from the L8 band, and then translating the S2-like band from the previous step to the target S2-like red edge band, produces better quality images. However, the direct approach performed quantitatively better. Multistep CGANs benefited from the intermediate step since there is a stronger relationship among the bands of each step (L8 NIR to S2 NIR and S2 NIR to S2 red edge) compared to the relationship between L8 NIR and the S2 RE bands. CGANs learned the finer spatial features from S2 bands, and this was most evident for multistep methods since the network could learn from two sets of data (intermediate and target S2 images). This feature of CGANs should be exploited for generating images at a higher spatial resolution than the original images by incorporating additional finer resolution imagery if possible. Therefore, CGANs can effectively learn the spatial as well as spectral representations between the two satellite products and do not simply reduce the per-pixel average error between the input and target images.




4.2. Improving CGAN Performance


The performance of CGANs can be improved with the help of a more efficient training dataset design. For example, using L8 and S2 scene pairs acquired on the same date can increase network accuracy. Our scene pairs (input L8 and target S2) had some temporal gaps (see Table 1), which could introduce some uncertainty due to the possibility of land surface changes occurring between each image acquisition by L8 and S2. In terms of spatial generalizability, this method can be applied to any region provided there exist observations from both sensors for that region within an acceptable time frame. CGAN’s performance could be increased for the region of interest by fine-tuning the model on additional L8-S2 scene pairs acquired from that specific region and over multiple timestamps. Furthermore, instead of using a single L8 spectral band to predict each S2-like RE band, training our CGAN on multiple L8 spectral bands may allow the network to predict each RE band more accurately. To predict the RE bands, we used the spectral bands with the highest correlation with them following the study by Mandanici and Bitelli [7]. However, the strength of correlation typically varies across land use/land cover classes and was not addressed in this study. Therefore, measuring the spatial and spectral similarity between L8 and S2 spectral bands over different land use/land cover classes could give a better idea of which L8 spectral bands should be used for predicting the desired S2 bands.




4.3. Advantages of CGANs over CNNs


Even though this paper mainly focused on CGANs, we also investigated other deep learning architectures, such as convolutional networks (CNNs) for our image translation task. CNNs have been widely used for image-processing tasks [55], more specifically, Shao et al. [23] used CNN for downscaling L8 imagery to S2-like spatial resolution, Isa et al. [26] trained a super-resolution CNN model to predict the S2-like red edge bands at 10 m from L8. However, CGANs have an advantage over CNNs for image regression tasks, including image translation due to their adaptable loss function. To demonstrate the benefits of generative adversarial training, we compared CGANs with CNNs. We trained the CNN on the training dataset for the same task (translating S2-like spectral bands from L8). Even though CNNs could marginally outperform CGANs during training, they would likely underperform during testing. It was found that CNNs were not robust to outliers. When CNNs were tasked to predict from out-of-the-distribution “real world” training pairs that may be considered an outlier, for example, misregistered pairs of L8 and S2, the translations were less accurate than CGANs (Figure 9). This sensitivity to out-of-the-distribution training data reduces model stability. This suboptimal performance of CNNs is likely due to its predefined loss function, which primarily attempts to reduce the overall mean error between the input and target image pairs. CGANs, on the other hand, learn from the original distributions of both sets—L8 and S2, enough to differentiate between the two products. We encountered several suboptimal training pairs that had misregistration issues due to the pixel mismatch between the spatial resolutions of L8 and S2 (described in Section 2.2). CNN erroneously learned to produce blurry images for such samples, while CGAN-generated images are more likely to belong to real S2 imagery. Figure 9 demonstrates two cases of misregistered image pairs. We observe that the images predicted by CGANs appear sharper than the blurry images predicted by the CNNs. The results are consistent with the observations by Ledig et al. [30] with respect to the characteristics of these two network architectures. Since achieving spatial generalizability with any model is non-trivial, GANs would be a more reliable architecture for image-to-image translation tasks.




4.4. Limitations of CGANs


Although CGANs are effective for predicting S2 from L8 imagery, there are certain limitations that should be addressed. For example, CGANs have a more complex training process that requires significantly more time to train, around four-fold for each CNN. The performance of CGANs greatly depends on the quality of the dataset and the complexity of the task. CGANs require considerably more manual supervision during training since there is no specific objective function to minimize, unlike convolution networks that only look to reduce the loss function. Therefore, training CGANs typically requires running multiple experiments, which increases overall training time substantially. However, the NoGAN training methodology proposed by Antic [49] reduces some of the training uncertainty and helps stabilize this process. Despite these difficulties, CGANs are effective in image translation [30] and other image-processing tasks [56]. Although CGANs and other deep learning algorithms require large datasets and computational resources for training, access to publicly available satellite datasets [57] and computational resources reduces such issues.




4.5. Future Work


Future work will focus on improving the discriminator loss function, for example, Wasserstein loss [58] could be more effective in training the discriminator network since the feedback is more nuanced compared to the stricter class probabilities from the BCE loss. The training dataset for CGAN can be built based on the different biomes and seasons to capture the relationships between the two sensors for building a more spatially generalizable model. Similar to the harmonization task of L8 and S2, the CGAN model can also be used to harmonize L8, Landsat 7 ETM+ (L7), and Landsat 5 (L5). Generating L8-like data from L7 (launched in 1999) and L5 (launched in 1984) will allow us to take advantage of the entire Landsat archive, building upon the works of Savage et al. [59] and Vogeler et al. [60]. Reconstructed time series from combining these sensors could be used to analyze the leaf area index to further demonstrate the potential of the method. The CGAN model can be trained to translate S2 to predict higher spatial resolution PlanetScope-like spectral bands at 3 m, building on the work by Martins et al. [61]. Predicting near-daily PlanetScope-like imagery from Sentinel-2 would generate higher-quality publicly available data.





5. Conclusions


Our research contributes to the growing list of L8 and S2 harmonization methods developed for their synergistic use. Harmonized L8 and S2 satellite data are useful for reliable monitoring of natural resources such as vegetation and water, especially for applications that require more temporal data. In this paper, we propose a conditional generative adversarial network (CGAN) for predicting S2-like images from L8. Based on the results, we find that CGANs are effective in increasing the spatial resolution of the L8 spectral bands to match with the S2 bands. Secondly, CGANs can predict the three red edge bands available only in S2 from available L8 spectral bands, demonstrating its ability to increase the spectral resolution of a satellite product. Hence, CGANs can be used to translate L8 data for increasing the temporal resolution of the original S2 data product. Thirdly, CGANs generate S2-like imagery that is closer to the original S2 data compared to CNNs, making them more robust to outliers. This capability of CGANs highlights their benefit, despite the more complex training process they require. While our method was successful in translating Landsat 8 to S2, it can be used to translate satellite data products that have similar measurement principles and comparable spatial resolutions.
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Figure 1. Training pair examples—(A1) L8 NIR and (A2) S2 Red Edge 2 (cloud free); (B1) L8 NIR (cloud obscured with shadow); (B2) S2 Red Edge 3. 






Figure 1. Training pair examples—(A1) L8 NIR and (A2) S2 Red Edge 2 (cloud free); (B1) L8 NIR (cloud obscured with shadow); (B2) S2 Red Edge 3.



[image: Remotesensing 15 05502 g001]







[image: Remotesensing 15 05502 g002] 





Figure 2. Methodology for predicting S2-like images from L8 bands. 
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Figure 3. Encoder–decoder-based generator network architecture. 
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Figure 4. Experimental setup of our image translation task. 






Figure 4. Experimental setup of our image translation task.



[image: Remotesensing 15 05502 g004]







[image: Remotesensing 15 05502 g005] 





Figure 5. S2-like green (A2) and NIR narrow (B2) translations by CGAN from L8 green (A1) and L8 NIR (B1). Target S2 bands—green (A3) and NIR narrow (B3). 
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Figure 6. S2-like green and NIR bands predicted by CGAN. All images are stacked as, R: NIR, G: green, and B: green. Images are zoomed in from their original size of 512 × 512. 
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Figure 7. S2-like RE1 (A1,A2,A3), S2-like RE2 (B1,B2,B3), and S2-like RE3 (C1,C2,C3) translations by Direct (A2,B2,C2) and multistep (A3,B3,C3) approaches from L8 green (RE1—(A1)) and NIR (RE2—(A2) and RE3—(A3)). Target S2 bands - RE1 (A4), RE2 (B4), and RE3 (C4). 
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Figure 8. S2-like RE1, RE2, and RE3 bands predicted by direct and multistep methods. (A) L8, (B) S2-like predicted by direct, (C) S2-like predicted by multistep, and (D) target S2. All images are stacked as, R: RE3, G: RE1, and B: RE2. 
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Figure 9. S2-like RE predictions by GAN and CNN from L8 with known misregistration errors between training pairs. Scene A and Scene B are translations by GAN and CNN. (A1,B1) Predictions by GAN; (A2,B2) Predictions by CNN. All images are layer stacked as (R: RE3, G: RE2, B: RE1). 
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Table 1. Description of the L8 and S2 scene pairs used in this study, including the path/row of L8 and the tile ID of the S2 scenes, their acquisition dates, and the time difference in days between each overlapping scene within a pair.
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	Pairs
	L8 Path/Row
	Date
	S2 Tile IDs
	Date (2019)





	1
	034/030
	4 October
	13TDH, 13TEH, 13TEJ
	4 October



	2
	031/034
	15 October
	13SGB, 13SGC
	13 October



	3
	027/037
	19 October
	14SPB
	22 October



	4
	028/039
	26 October
	14RMU, 14RMV, 14RNU, 14RNV
	27 October



	5
	034/034
	5 November
	13SCB
	8 November










 





Table 2. Description of Landsat 8 and Sentinel-2 spectral bands under study.
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Landsat 8

	
Band

	
Sentinel-2




	
Spectral Bands

	
Spatial

Resolution (m)

	
Spatial

Resolution (m)

	
Spectral Bands






	
Band 3

(533–590 nm)

	
30

	
Green

	
10

	
Band 3

(545–575 nm)




	
NA

	
-

	
Red Edge 1

	
20

	
Band 5

(694–714 nm)




	
NA

	
-

	
Red Edge 2

	
20

	
Band 6

(731–749 nm)




	
NA

	
-

	
Red Edge 3

	
20

	
Band 7

(768–796 nm)




	
Band 5

(851–879 nm)

	
30

	
NIR

	
20

	
Band 8A

(848–881 nm)











 





Table 3. Quantitative evaluation metrics.
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	Quantitative Metric
	Description
	Range and Preferred Values





	ERGAS
	Calculates the normalized average error
	Score of 0 denote no difference



	SAM
	Calculates the spectral distortion
	Score of 0 denotes no distortion



	SCC
	Measures the difference in the quality of the reconstruction of spatial properties
	Range is 0 to 1, where a value close to 1 is ideal



	PSNR
	Measures the difference in the quality of reconstruction
	Relative metric, the higher the better



	RMSE
	Calculates the standard deviation of the prediction errors
	Value of 0 denotes no difference



	UQI
	Measures the correlation, luminance, and contrast
	Range is 0 to 1, where a value close to 1 is ideal










 





Table 4. Quantitative evaluations for predicting (A) S2-like green (S2 G) and (B) S2-like NIR narrow (S2 NIR) bands. Bold numbers are the highest scores per metric.
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ERGAS

	
SAM

	
SCC

	
PSNR

	
RMSE

	
UQI






	
(A) S2 G




	
L8 G

	
2330.51

	
0.2376

	
0.0632

	
22.86

	
21.05

	
0.9351




	
CGAN

	
1870.25

	
0.2052

	
0.1829

	
24.86

	
17.15

	
0.9526




	
(B) S2 NIR




	
L8 NIR

	
918.57

	
0.1279

	
0.2588

	
24.39

	
16.40

	
0.9809




	
CGAN

	
848.66

	
0.1227

	
0.3238

	
25.37

	
14.88

	
0.9853











 





Table 5. Quantitative evaluations for predicting S2-like red edges by direct and multistep approaches. Bold numbers are the highest scores per metric.
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ERGAS

	
SAM

	
SCC

	
PSNR

	
RMSE

	
UQI






	
(A) S2 RE1




	
L8 G

	
3597.13

	
0.2211

	
0.0631

	
20.98

	
24.71

	
0.8650




	
Direct

	
1666.10

	
0.1890

	
0.1169

	
23.16

	
19.27

	
0.9458




	
Multistep

	
1547.86

	
0.1718

	
0.1580

	
23.97

	
17.71

	
0.9499




	
(B) S2 RE2




	
L8 NIR

	
1868.29

	
0.2275

	
0.1926

	
19.30

	
30.46

	
0.9214




	
Direct

	
1804.38

	
0.2037

	
0.2938

	
20.74

	
25.45

	
0.9381




	
Multistep

	
1851.20

	
0.2126

	
0.2900

	
20.49

	
26.21

	
0.9353




	
(C) S2 RE3




	
L8 NIR

	
1439.74

	
0.1841

	
0.1887

	
21.21

	
23.79

	
0.9571




	
Direct

	
1527.85

	
0.1697

	
0.2650

	
22.08

	
21.43

	
0.9573




	
Multistep

	
1518.97

	
0.1762

	
0.2916

	
22.01

	
21.85

	
0.9552
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