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Abstract


In recent years, wars have gradually increased the risk of marine oil spill accidents. Marine oil spill monitoring becomes more and more important for preventing marine oil pollution. The Chinese Zhuhai-1 satellite can capture abundant spectral reflectance signals. It is a significant way of detecting marine oil spills. Most of the traditional oil spill detection methods only used a small amount of spectral information. It made it difficult identify oil spills accurately from the inhomogeneous marine environment. In order to mine the key differential spectral information of oil slicks, inspired by the encoding method of spectral DNA, an advanced spectral DNA encoding (ASDE) strategy was proposed to describe the spectral details in Zhuhai-1 images. On this basis, two kinds of key spectral information extraction methods were proposed to mine the spectral genes of oil slicks. Finally, the extracted spectral genes were used to detect the marine oil spills. Three Zhuhai-1 satellite images were used to validate the performance of the proposed method based on ASDE strategy. The experimental results indicated that the proposed method could precisely describe the spectral differences in oil slicks and seawater in Zhuhai-1 images. In addition, the extracted spectral genes could detect marine oil spills correctly.
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1. Introduction


With the continuous development of global societies and economies, the demand for crude oil is expanding. More marine oil transportation and exploitation activities lead to increased risk of oil spills [1,2]. At present, many wars around the world make oil spill accidents inevitable. Thus, it becomes very necessary to monitor the oil spills at sea [3,4].



Hyperspectral satellites acquire many spectral reflection signals of surface targets over a wide range. They can produce hyperspectral images (HSI) for identifying and monitoring marine oil spills [5,6]. Studies on marine oil spill detection methods based on HSI help to prevent and control the pollutions. Most of the current satellite oil spill detection methods are based on images captured by Sentinel-1/2, Hyperion, MODIS, Proba, etc. [7,8,9,10]. The Chinese Zhuhai-1 (02) hyperspectral satellite can get images of 32 bands and the Zhuhai-1 (03) hyperspectral satellite can get images of 256 bands [11,12]. Zhuhai-1 satellite imagery gains the advantages of wide coverage and short revisit period. It is a favourable way of monitoring marine oil spills [13,14]. In this research, the oil spill detection method is based on Zhuhai-1 satellite (02) imagery.



The main way to identify marine oil slicks caused by spill accidents is mining the distinctive spectral signals in HSI. Many innovative studies have been proposed in this field. In 2003, Carl Brown and Mervin Fingas proposed that the spectral reflection signals of the surface oil slicks in the infrared bands were higher than that of the background seawater. The infrared spectral reflection signals could be used to identify marine oil spills [15]. In 2011, Yingcheng Lu et al. proposed a decision tree method of spectral characteristic bands to identify marine oil spills based on HJ-1 satellite imagery. This method performed well in the Gulf of Mexico oil spill remote sensing data [16]. In 2012, Eduardo Loos et al. demonstrated that the ability of fluorescence index (FI) and rotation absorption index (RAI) to distinguish oil slicks and “false targets” through MODIS satellite data [17]. Li Ying et al. proposed a sea-surface oil slick identification method combining texture features, principal component analysis (PCA), and directional gradient edge detection method based on the Penglai 19-3 oil spill HJ-CCD data. This method improved the accuracy of oil spill identification [18]. In 2013, Sun Peng et al. analyzed the correlation between oil slick thickness and various spectral indices [19]. Sankaran Rajendran et al. discussed the ability of Snow Water Index (SWI), Normalized Difference Vegetation Index (NDVI) and Normalized Water Index (NDWI) to identify oil spills [20]. Traditional methods mostly used the original spectral reflection signals or spectral indices of HSI to distinguish the surface oil slicks from the background seawater. However, these methods only took advantages of a part of the spectral characteristic signals. They ignored a large number of spectral detail signals.



In order to comprehensively describe the detailed spectral characteristics of oil slicks in HSI and detect oil spills by extracting the key differential information, an advanced spectral DNA encoding (ASDE) method was proposed to carry out the task. The ASDE method was used to detect oil spills in Zhuhai-1 satellite images. First, the original spectral reflection signals of Zhuhai-1 satellite imagery were translated into spectral DNA codeword sequences. Then, the key differential spectral codewords, called spectral genes, of the oil slicks were obtained through two kinds of gene extraction strategies. Finally, the matching rate between encoded pixels and the extracted spectral genes was calculated. The calculation results would be used to produce oil spill detection results. In this research, three Zhuhai-1 satellite images were used to validate the performance of the ASDE method. The experimental results showed that the ASDE method could accurately describe the spectral details of the sea-surface oil slicks in the Zhuhai-1 satellite data. In addition, it can accurately detect the oil spills in the Zhuhai-1 satellite data.




2. Materials and Methods


2.1. Marine Oil Spill Detection Theory in Hyperspectral Data


Marine oil spills are mainly divided into three types: natural leakage from submarine oil reservoirs, crude oil exploitation leakage, and ship leakage (Figure 1). Marine oil spills will form oil slicks on the sea surface. From the thinnest to thickest, oil slicks can be categorized into silvery oil slicks, rainbow oil slicks, metallic oil slicks, discontinuous true-colour oil slicks, continuous true-colour oil slicks, and emulsified oil slicks. Oil slicks of different origins, thicknesses, and degrees of weathering exhibit very different visual, morphological, and spectral characteristic information (Table 1). Hyperspectral satellites can acquire rich spectral reflection signals on the earth’s surface over a wide range. Using the spectral differences to distinguish sea-surface oil slicks and background seawater is an important way to detect marine oil spills.



Zhuhai-1 satellites (Zhuhai Aerospace Microchips Science & Technology Co., Ltd., Zhuhai, China) can acquire hyperspectral imagery of 32 bands on the earth’s surface, with a spectral resolution of 2.5 nm and a spatial resolution of 10 m. The spectral band ranges from 400 nm to 1000 nm, which covers visible light to near-infrared bands. The central wavelengths are 443 nm, 466 nm, 490 nm, 500 nm, 510 nm, 531 nm, 550 nm, 560 nm, 580 nm, 596 nm, 620 nm, 640 nm, 665 nm, 670 nm, 686 nm, 700 nm, 709 nm, 730 nm, 746 nm, 760 nm, 776 nm, 780 nm, 806 nm, 820 nm, 833 nm, 850 nm, 865 nm, 880 nm, 896 nm, 910 nm, 926 nm, and 940 nm. Zhuhai-1 satellites give satisfactory signal-to-noise performances. In common surface environments, its signal-to-noise is around 30 dB. In the complicated surface environments, its signal-to-noise is around 25 dB. It consists of 4 on-orbit satellites (OHS-01, OHS-04, OHS-03, and OHS-04). The revisit period of the satellite constellation is as short as 1 day. Zhuhai-1 satellites can quickly respond to oil spill accidents and provide services for industrial applications such as oil tanker leakage, oil production platform damages, etc. It is an important data platform for marine oil spill identification and monitoring.




2.2. Detecting Marine Oil Spills by ASDE Method


The spectral DNA encoding method is an excellent method for describing spectral information. It uses 4 codewords {T, C, A, G} to describe the amplitude of spectral signals. It shows excellent performance for describing spectral characteristics. The spectral feature mining method based on spectral DNA encoding results possesses strong target-discrimination ability [21,22]. However, the traditional spectral DNA encoding method only describes the spectral amplitude information in four intervals. It inevitably misses the detailed differences in spectral amplitudes. In addition, the traditional spectral DNA encoding method describes 9 waveform modes of the spectral shape characteristics through 4 codewords {T, C, A, G}, which causes the codeword ambiguity problem in pattern recognition. To address these problems, an ASDE method is proposed in this research to describe the amplitude and waveform details of Zhuhai-1 satellite imagery. The proposed method contains 3 core procedures:



	(1)

	
Divide the amplitude and waveform information of hyperspectral satellite data into 9 modes (Formulas (1)–(6)). Use a pair of DNA codewords to describe the modes of spectral signals (Figure 2).




	(2)

	
Use fuzzy clustering algorithm to extract the spectral genetic fragments of the sea-surface oil slicks (Formulas (7) and (8)).




	(3)

	
Calculate the similarity between spectral genes and encoded pixels. Extract oil slick objects in the Zhuhai-1 satellite imagery based on the calculation results.


   T  m i d d l e   =   α N    ∑   R i    ,     i ∈   1 , N    



(1)






   T j  u p p e r   =    j ×    ∑ R    u p p e r     4 ×  N  u p p e r      ,     j ∈   1 , 2 , 3    



(2)






   T k  l o w e r   =    k ×    ∑ R    l o w e r     4 ×  N  l o w e r      ,     k ∈   1 , 2 , 3    



(3)






  C o d  e  A m p l i t u d e    i  = A m p    T  m i d d l e   ,  T  u p p e r   ,  T  l o w e r   ,  R i     



(4)











Equations (1)–(4) describe the amplitude encoding process of the spectral reflection signal of hyperspectral satellite data. The ASDE method uses 7 amplitude thresholds (Tmiddle, Tupper, Tlower) to divide the reflected signal into 8 intervals. Different DNA codeword pairs are used to describe spectral reflection signals whose amplitudes lie within the interval. Tmiddle represents the average threshold of the spectral reflection signal. In the formula, Ri represents the spectral reflection signal of the i-th band, and N represents the number of bands. Rupper represents the spectral reflection signal with an amplitude higher than Tmiddle, Nupper represents the total number of spectral bands with an amplitude higher than Tmiddle, Rlower represents the spectral reflection signal with an amplitude lower than Tmiddle, and Nlower represents the total number of spectral bands with an amplitude lower than Tmiddle. α is an adaptive parameter of amplitude encoding, which is used to adjust the distribution range of amplitude symbols. The larger the value of α, the more detailed the description of high reflectivity signals. Conversely, the more detailed the description of low reflection signals. When the original spectral signal is distributed among the code element blocks delineated by the amplitude threshold, the amplitude signal of the band is described by the DNA codeword pair corresponding to the code element interval.


  Δ = β ×     ∑     R  j + 1   −  R j        N − 2    ,     j ∈   1 , N − 1    



(5)






  C o d  e  S h a p e   ( k ) = P t n   Δ ,  R k  ,  R  k + 1   ,  R  k + 2     ,     k ∈   1 , N − 2    



(6)







Equations (5) and (6) describe the waveform encoding process of the original spectral signal. First, calculate the waveform change gradient Δ of the original spectral signal. Then the waveform mode (Figure 2) is determined based on the gradient relationship of the reflected signals in three adjacent bands. Finally, the waveform information of the spectral reflection signal is converted into DNA codeword pairs according to the waveform mode. β is the adaptation parameter of the waveform gradient, which is used to adjust the sensitivity of the waveform encoding. The larger the β value, the stronger the tolerance of the spectral codeword to noise. The smaller the β value, the stronger the sensitivity of the spectral codeword to noise.


  G e n e ( s ) =     C o d e ( S ) ,     F ( C o d e ( s ) ) ≥ δ     0 ,     F ( C o d e ( s ) ) < δ      



(7)






  G e n e ( s ) =     0 ,        G  ( C o d e ( s ) ) ≥ δ     C o d e ( S ) ,     G ( C o d e ( s ) ) < δ      



(8)







After the spectral encoding process, the spectral genes in the DNA code chains of seawater and oil slick samples are extracted through fuzzy clustering method. In this research, two spectral gene extraction strategies are used: the largest intraclass similarity (LIS) strategy (Equation (7)) and the largest interclass difference (LID) strategy (Equation (8)). The LIS strategy extracts DNA codewords with high frequency (>δ) in similar samples as the spectral genes for these types of objects. The LID strategy extracts specific DNA codewords (frequency < δ in other categories of samples) as the spectral genes for these types of objects.



Finally, the extracted spectral genes are used to match the encoded satellite imagery pixels. The marine oil spills and background seawater are distinguished based on the degree of matching. Figure 3 shows the process of detecting oil spills in Zhuhai-1 satellite imagery using the ASDE method.





3. Results


Three Zhuhai-1 satellite images were used to validate the marine oil spill detection ability of the ASDE method. Since the original satellite data was too large, the oil spill areas were selected for the experiments. Table 2 exhibits the experimental data information. The experimental data were collected from different sea areas. It was beneficial to verify the applicability of the proposed method. It should be stated that, although the marine oil slicks were dynamic, ground truth was produced to evaluate the performance of the proposed method. In this research, manually selected samples were adopted for calculating oil spill detection accuracy like overall accuracy (OA). The oil spill detection performance was evaluated directly. The results were produced by our Python 3.12 codes.



Figure 4 shows the true-colour composite image of experimental data 1 (Figure 4A) and its thematic map of oil spill identification result (Figure 4B). The result was produced by the parameters of α = 0.7, β = 1.0, and δ = 0.6. It should be stated that the optimal parameters were selected by iteration experiments and visual inspection. The study area (9.28 km × 4.43 km) was located in the Tainan Basin which was rich in oil and gas reserves. Oil slicks produced by natural oil spills had been observed many times. The oil slick in this study area was located at the edge of the cloud layer. It was distributed in a ribbon-like shape with local rainbow visual characteristics. The appearance was consistent with the typical characteristics of natural oil spills. In the thematic map of oil spill detection results, the oil slicks extracted by the ASDE method were marked in red. From the identification results, it could be found that the ASDE method accurately distinguished between marine oil spills and background seawater. Except for a small number of thin clouds that were mistakenly identified as oil slicks, most of the natural oil spills were correctly identified.



Figure 5 showed the true-colour composite image of experimental data 2 (Figure 5A) and its thematic map of oil spill identification results (Figure 5B). The result was produced by the parameters of α = 1.0, β = 1.0, and δ = 0.3. During the experimental process, the optimal parameters were selected by visual inspection. The study area (8.10 km × 7.51 km) was located in the Yinggehai Basin. It was surrounded by numerous oil production platforms. Oil slicks caused by accidental oil spills have been observed many times. In this satellite image, the oil slicks were converged in a black stripe. Some emulsified oil appeared white in the core area of oil spill, which only happened when large oil spills occurred. In the detection result, the identified oil slicks by the ASDE method were marked red. Since the surface oil slicks was located in the sun glint area, the seawater presented a higher spectral signal and the shadow region of the waves presented a lower spectral signal. In the detection result, only a small number of shadow areas were misidentified as oil slicks.



Figure 6 showed the true-colour composite image of experimental data 3 (Figure 6A) and its thematic map of oil spill identification results (Figure 6B). The result was produced by the parameters of α = 1.0, β = 1.0, and δ = 0.4. The optimal parameters were selected by visual inspection. The study area (12.04 km × 8.91 km) was located in the Yinggehai Basin. The oil slicks in the study area were diffusive. Affected by the sea wind and ocean current, the oil slicks accumulated on the windward side and spread on the downwind side. In the detection result, the oil slicks were marked red. Since a part of the study area was covered by thick clouds and its shadows, oil slicks in the shadows were not identified. However, the ASDE method detected the oil slicks uncovered by the clouds accurately.




4. Discussion


The proposed oil spill detection method based on the ASDE method had two kinds of spectral gene extraction strategies: LIS and LID (formulas 7 and 8). Selecting proper spectral gene extraction strategy was vital for identifying oil slicks in satellite imagery. In addition, the parameters of the spectral amplitude encoding and spectral shape encoding processes would affect oil spill detection accuracy directly. Thus, the spectral gene extraction strategy and the parameters were discussed in this section. In addition, ground truth produced by expert markup was used to validate the performance of the proposed method. Fully connected network (FCN) and support vector machine (SVM) were compares to the ASDE method in this section.



4.1. Discussion on Spectral Gene Extraction Strategy


When extracting spectral genes using the LIS strategy, high frequency code words (>δ) of training samples would be extracted as spectral genes. The size of spectral genes was controlled by the frequency parameter δ. Figure 7 showed the oil spill detection results of experimental data 1 with different frequency parameters by LIS strategy (α = 1, β = 1). In the detection results, the clouds were marked white, the background seawater was marked blue, and the detected oil slicks were marked red, respectively. From the detection results, it could be found that the oil slicks could be detected correctly when frequency parameter δ was at a low level (0.3~0.5). Although some seawater was misidentified as oil slicks, the scope of the oil spill was fully identified. It indicated that the ASDE method could describe the spectral details of oil slicks and seawater in Zhuhai-1 satellite data with the LIS strategy.



In the contrast experimental results, when the frequency parameter δ increased from 0.3 to 0.6, the oil spill detection performance improved distinctly. It meant that the spectral genes extracted by the LIS strategy could differentiate oil slicks from seawater accurately. In addition, when frequency parameter δ increased from 0.6 to 0.8, the oil spill detection performance deteriorated obviously. It indicated that the ASDE method with the LIS strategy needed optimizing in terms of frequency parameters. Selecting proper spectral gene frequency was important for detecting oil spills in different study areas. The best spectral gene frequency was around 0.6 usually.



When extracting spectral genes using the LID strategy, unique code words of oil slicks (spectral gene frequency < δ in seawater samples) were extracted as spectral genes. The size of spectral genes was controlled by optimizing the spectral gene frequency δ. Figure 8 shows the oil spill detection results of experimental data 3 with different spectral gene frequency using the LID strategy (α = 1, β = 1). When the frequency parameter δ was at a low level (0.2~0.4), the extracted spectral genes were the most unique. It could be found from the results that the oil slicks were identified best when spectral frequency parameter δ was 0.3. It indicated that the ADSE method with the LID strategy could extract abundant spectral genes from the Zhuhai-1 satellite to identify oil slicks.



However, in the contrast experimental results, the oil spill detection results got the best performance when the parameter δ was around 0.2. It indicated that, although the spectral gene extraction rule was rigorous, Zhuhai-1 satellite data could provide abundant spectral information for differentiating oil slicks from seawater. With the parameter δ increasing, the spectral gene extraction rule became relaxed, more and more non-genetic spectral codewords would be extracted for identifying oil slicks. Thus, the oil spill detection performance became worse. From the contrast experimental results, it could be found that the ASDE method could detect oil slicks from Zhuhai-1 satellite data accurately. The ASDE method with the LIS strategy should use a high frequency parameter (δ = 0.6) and ASDE method with LID should use a low frequency parameter (δ = 0.2).




4.2. Discussion on Spectral Encoding Parameters


Spectral amplitude encoding parameter α and spectral shape encoding parameter β were used to adjust the encoding results of the ASDE method. The parameters affected the oil spill detection performance directly. In order to reveal the effect of spectral amplitude parameter α on oil spill detection, experimental data 1 was used to conduct contrast experiments (LIS strategy, δ = 0.6, β = 1.3). Figure 9 showed the oil spill results produced by the ASDE method.



In the contrast experiments, the spectral amplitude parameter was from 0.5 to 1.5 with the step length of 0.1. Figure 9 showed the most representative results. It could be found from the results that the performance of the ADSE method was satisfactory when the spectral amplitude parameter was small (0.5~0.7). In these results (Figure 9A–C), the identified seawater, oil slicks, and clouds were visually separable. When the spectral amplitude parameter became large (1.0~1.2), the encoding results of oil slicks and clouds were similar. As a result, oil slicks would be misidentified as clouds (Figure 9D–F). Since floating oil slicks had many low spectral reflection signals in Zhuhai-1 hyperspectral images (Figure 10) and small spectral amplitude parameters contributed to describing the low spectral reflection signals, a small spectral amplitude parameter could highlight the spectral differences in oil slicks, seawater and clouds. Thus, it was concluded that the ADSE method could produce excellent oil spill detection result with a small spectral amplitude parameter.



Figure 11 showed the spectral code words of oil slicks and seawater encoded by the ASDE method and the traditional spectral DNA encoding method. The blue lines were the encoding results of seawater and the red ones were the encoding results of oil slicks. Since the spectral shape code words of the methods were the same, only spectral amplitude code words were exhibited. From the figures, it could be found that, although seawater and oil slicks had low spectral signals, the ASDE method extracted more different code words to distinguish them. It validated that the ASDE method was better than traditional spectral DNA encoding methods for spectral information expression.



In order to reveal the influence of spectral shape parameter on oil spill detection, experimental data 1 was used to conduct contrast experiments (LIS strategy, δ = 0.6, α = 0.5). Figure 12 showed the experimental results. In the contrast experiments, the spectral shape parameter was from 0.5 to 1.5 with the step length of 0.1. Figure 11 showed the most representative results. It was found from the results that the clouds could not be differentiated from the oil slicks when the spectral shape parameter was small (0.5~0.7). When the spectral shape parameter was large (1.0~1.2), the ADSE method could distinguish oil slicks and clouds accurately. Since marine objects were influenced by seawater usually, their spectral signals appeared as random noises, the oil slicks and clouds existed as unstable spectral signals. A small spectral shape parameter would strengthen the interference to spectral signals. On the contrary, a large spectral shape parameter could filter the instability to some extent. Thus, for detecting oil spills in Zhuhai-1 satellite data by the ASDE method one should use a large spectral shape parameter.




4.3. Discussion on Accuracy and Superiority


In order to evaluate the performance of the proposed method quantificationally, a simulation experiment was conducted to validate the detection accuracy of the proposed method. The simulation data was established by spectra of oil slick and seawater. It consisted of 10,000 pixels (100 × 100) including 250 oil slicks and 750 areas of seawater. The spectra of the simulation data were selected from Zhuhai-1 satellite imagery with 3% random noises (Figure 13). The detection results produced by the ASDE method are exhibited in Figure 14.



Figure 14A was the simulation data. Figure 14B was the detection result by the ASDE method with the LID strategy (accuracy = 0.9994, F1 = 0.9988, recall = 0.9984), exhibiting only six misidentified pixels. Figure 14C was the detection result by the ASDE method with the LIS strategy (accuracy = 0.9252, F1 = 0.8241, recall = 0.7008). The simulation experiment indicated that the proposed method could detect oil spills from Zhuhai-1 satellite images accurately.



In addition, experiments based on real data were conducted to validate the superiority of the proposed method. The ground truth of experimental data 1 was produced by expert markup (Figure 15A). In the ground truth, oil slick pixels were marked in red. The other objects, such as seawater, shadows, clouds, were marked in black. They were named background. Compared to the original satellite imagery (Figure 4), it could be found that the produced ground truth was consistent with the real oil slick distribution. It meant that the ground truth could be used to evaluate the performance of oil spill detection methods correctly.



In this part, contrast experiments were conducted to evaluate the superiority of the proposed method. FCN and SVM methods were used as contrast (by ENVI 5.1). The oil spill detection results by the compared methods were exhibited in Figure 15. The quantitative metrics of the results were listed in Table 3. According to the experimental results, it could be clearly found that traditional machine learning methods were not suitable for detecting oil slicks in complicated marine environments posed by a small set of training samples. Although FCN and SVM detected the oil slicks with a high overall accuracy (OA), similar pixels like cloud shadow and thin cloud were wrongly detected on a large scale. The ASDE method gained the best OA, F1, and intersection over union (IoU) because it identified oil slicks only by the differential spectral codewords. It avoided misleading signals from the samples with similar spectra. Thus, it performed better oil spill detection accuracy on the Zhuhai-1 satellite imagery. It had to be stated that the machine learning methods tended to be not suitable for detecting objects under the small-sample and similar-spectra environments. It was not degraded.




4.4. Shortcomings and Future Work


Marine oil spills produce floating oil slicks on the sea surface. Zhuhai-1 satellite imagery is suitable for detecting marine oil spills. In this research, an ASDE method is proposed to describe the spectral details of oil slicks and seawater. The original spectral signals are translated to DNA code words with nine amplitude elements and nine shape elements. It strengthens the spectral differences in oil slicks, which makes it easy to distinguish oil slicks from seawater and other backgrounds. However, the proposed method has shortcomings: (1) It is a spectral explanatory method. The detection results are pixelated and disperse. The spatial characteristics are not utilized during the detection process. (2) The detection performance relies on experience of selecting proper parameters. It costs a lot of time to produce the optimized results.



In the future, some methods can be used to optimize the method: (1) Combining image segmentation result will increase the oil spill detection accuracy since it takes advantage of the oil’s spatial correlation. (2) The encoded spectral code words can be used as input attributes to establish an artificial neural network. It avoids the need to adjust parameters by hand. (3) It is necessary to amplify the spectral code-word differences. It helps to detect oil spills from the inhomogeneous marine environment.





5. Conclusions


Detecting oil spills is important for monitoring marine oil/gas resources and pollution. In order to explore accurate methods for identifying marine oil slicks on hyperspectral satellite imagery, the ADSE method based on Zhuhai-1 satellite data was proposed in this research. The proposed method focused on the fuzziness and ambiguity problems of traditional spectral DNA encoding method. It could describe the spectral details of floating oil slicks. In addition, two kinds of spectral gene extraction methods were used to extract the key spectral differential code words of oil slicks. The extracted spectral genes were used to detect oil slicks by pattern recognition. Experimental results indicated that the ADSE method could detect oil spills in Zhuhai-1 satellite imagery accurately. The ASDE method with LIS should use a frequency parameter δ around 0.6 and the ASDE method with LID should use a frequency parameter δ around 0.2 to detect oil spills accurately. In addition, the spectral amplitude parameter should be small (around 0.5) and the spectral shape parameter should be large (bigger than 1.0) for Zhuhai-1 satellite data to detect marine oil spills.







Author Contributions


Conceptualization, D.Z.; methodology, D.Z. and L.B.; software, L.B. and G.G.; validation, L.B., G.G. and C.Q.; formal analysis, L.B., C.Q. and D.Z.; investigation, J.F., G.G.; resources, D.Z. and L.B.; data curation, D.Z. and L.B.; writing—original draft preparation, D.Z.; writing—review and editing, J.F. and C.Q.; visualization, L.B. and C.Q.; supervision, D.Z.; project administration, D.Z. and J.F.; funding acquisition, D.Z. and J.F. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Open Fund of Key Laboratory of Exploration Technologies for Oil and Gas Resources (Yangtze University), Ministry of Education, grant number K2024-01.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data that support the findings of this study are commercial. They are not open dataset. The data can be bought from Aero-Chips (www.myorbita.net).




Acknowledgments


We would like to pay our gratitude and respects to the company of Zhuhai Orbital Satellite Big Data Co., Ltd. The Zhuhai-1 satellite (commercial satellite) remote sensing data was provided by the company.




Conflicts of Interest


The authors declare that they have no conflict of interests in the work reported in this paper.




References


	



Huang, X. Geo-Analysis of Some Aspects of Chemical Exploration in Application of Remote Sensing Techniques to Oil-Gas Detecting. Remote Sens. Environ. 1994, 9, 122–128. [Google Scholar]

	



Lu, Y.; Hu, C.; Sun, S. Overview of Optical Remote Sensing of Marine Oil Spills and Hydrocarbon Seepage. J. Remote Sens. 2016, 20, 1259–1269. [Google Scholar] [CrossRef]

	



Liu, X.; Guo, M.; Wang, Y. Assessing pollution-related effects of oil spills from ships in the Chinese Bohai Sea. Mar. Pollut. Bull. 2016, 110, 194–202. [Google Scholar] [CrossRef] [PubMed]

	



Bu, Z.; Zhou, K.; Huang, J. Spectral Extraction and Analysis of Oil Polluted Water from Airborne Hyperspectral Data Using Image Characteristics. Period. Ocean. Univ. China 2005, 35, 687–690. [Google Scholar] [CrossRef]

	



Wang, Y.; Yu, W.; Fan, Z. Multiple Kernel-Based SVM Classification of Hyperspectral Images by Combining Spectral, Spatial, and Semantic Information. Remote Sens. 2020, 12, 120. [Google Scholar] [CrossRef]

	



Fingas, M.; Brown, C. Review of oil spill remote sensing. Mar. Pollut. Bull. 2014, 83, 9–23. [Google Scholar] [CrossRef] [PubMed]

	



Lu, Y.; Tian, Q.; Wang, X. Determining oil slick thickness using hyperspectral remote sensing in the Bohai Sea of China. Int. J. Digit. Earth 2013, 6, 76–93. [Google Scholar] [CrossRef]

	



Chen, S.; Hu, C. In search of oil seeps in the Cariaco basin using MODIS and MERIS medium-resolution data. Remote Sens. Lett. 2014, 5, 442–450. [Google Scholar] [CrossRef]

	



Hu, C.; Li, X.; Pichel, W.G. Detection of natural oil slicks in the NW Gulf of Mexico using MODIS imagery. Geophys. Res. Lett. 2009, 36, 1–5. [Google Scholar] [CrossRef]

	



Sun, S.; Hu, C. Sun glint requirement for the remote detection of surface oil films. Geophys. Res. Lett. 2016, 43, 309–316. [Google Scholar] [CrossRef]

	



Guan, R.; Li, Z.; Li, T. Classification of Heterogeneous Mining Areas Based on ResCapsNet and Gaofen-5 Imagery. Remote Sens. 2022, 14, 3216. [Google Scholar] [CrossRef]

	



Zhao, D.; Tan, B. Multi-scale Encoding (MSE) method with Spectral Shape Information (SSI) for Detecting Marine Oil-Gas Leakages. Remote Sens. 2023, 15, 2184. [Google Scholar] [CrossRef]

	



Qin, H.; Wang, W.; Yao, Y. First Experience with Zhuhai-1 Hyperspectral Data for Urban Dominant Tree Species Classification in Shenzhen, China. Remote Sens. 2023, 15, 3179. [Google Scholar] [CrossRef]

	



Wang, H.; Zhou, W.; Guan, Y. Monitoring the ecological restoration effect of land reclamation in open-pit coal mining areas: An exploration of a fusion method based on ZhuHai-1 and Landsat 8 data. Sci. Total Environ. 2003, 904, 166324. [Google Scholar] [CrossRef]

	



Brown, C.; Fingas, M. Development of airborne oil thickness measurements. Mar. Pollut. Bull. 2003, 47, 485–492. [Google Scholar] [CrossRef] [PubMed]

	



Lu, Y.; Chen, J.; Bao, Y. Using HJ-1 CCD Data for Remote Sensing Analysis and Information Extraction in Oil Spill Scenarios. Sci. China Inf. Sci. 2011, 41, 198–206. [Google Scholar]

	



Loos, E.; Brown, L.; Borstad, G.; Mudge, T.; Alvarez, M. Characterization of oil slicks at sea using remote sensing techniques. In Proceedings of the Oceans, Hampton Roads, VA, USA, 14–19 October 2012; IEEE: New York, NY, USA, 2012. [Google Scholar] [CrossRef]

	



Li, Y.; Lan, G.; Liu, B. Oil spill information extraction combined with texture features from HJ-CCD Sensors-A case study in PL19-3 oil spill incident. China Environ. Sci. 2012, 32, 1514–1520. [Google Scholar]

	



Sun, P.; Song, M.; An, J. Study of Prediction Models for Oil Thickness Based on Spectral Curve. Spectrosc. Spectr. Anal. 2013, 33, 1881–1885. [Google Scholar] [CrossRef]

	



Rajendran, S.; Sadooni, F.; Al-Kuwari, H. Monitoring oil spill in Norilsk, Russia using satellite data. Sci. Rep. 2021, 11, 3817. [Google Scholar] [CrossRef] [PubMed]

	



Jiao, H.; Zhong, Y.; Zhang, L. An Unsupervised Spectral Matching Classifier Based on Artificial DNA Computing for Hyperspectral Remote Sensing Imagery. IEEE Trans. Geosci. Remote Sens. 2014, 52, 4524–4538. [Google Scholar] [CrossRef]

	



Wu, K.; Zhao, D.; Zhong, Y.; Du, Q. Multi-probe based artificial DNA encoding and matching classifier for hyperspectral remote sensing imagery. Remote Sens. 2016, 8, 645–663. [Google Scholar] [CrossRef]








[image: Sensors 26 03954 g001] 





Figure 1. Oil slicks on the sea surface formed by the oil spills. 
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Figure 2. The schematic diagram of the principle of the ASDE method. 






Figure 2. The schematic diagram of the principle of the ASDE method.



[image: Sensors 26 03954 g002]







[image: Sensors 26 03954 g003] 





Figure 3. Flow chart of oil spill detection by the ASDE method utilizing Zhuhai-1 data. 
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Figure 4. Oil spill detection result of experimental data 1. (A) Original satellite image; (B) Oil slick detection result. 
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Figure 5. Oil spill detection result of experimental data 2. (A) Original satellite image; (B) Oil slick detection result. 
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Figure 6. Oil spill detection result of the experimental data 3. (A) Original satellite image; (B) Oil slick detection result. 
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Figure 7. Oil spill detection results produced by the LIS strategy with different δ. (A) Detection result by δ = 0.3; (B) Detection result by δ = 0.4; (C) Detection result by δ = 0.5; (D) Detection result by δ = 0.6; (E) Detection result by δ = 0.7; (F) Detection result by δ = 0.8. 
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Figure 8. Oil spill detection results produced by the largest inter-class difference strategy with different δ. (A) Detection result by δ = 0.2; (B) Detection result by δ = 0.3; (C) Detection result by δ = 0.4; (D) Detection result by δ = 0.5; (E) Detection result by δ = 0.6; (F) Detection result by δ = 0.7. 
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Figure 9. Oil spill detection results produced by different amplitude parameters. (A) Detection result by α = 0.5, β = 1.3; (B) Detection result by α = 0.6, β = 1.3; (C) Detection result by α = 0.7, β = 1.3; (D) Detection result by α = 1.0, β = 1.3; (E) Detection result by α = 1.1, β = 1.3; (F) Detection result by α = 1.2, β = 1.3. 
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Figure 10. Spectral curves of the oil slicks, seawater, and clouds in experimental data 1. 
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Figure 11. Spectral codewords of the oil slicks and seawater (experimental data 1) produced by the ASDE method and traditional spectral DNA encoding methods. 
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Figure 12. Oil spill detection results produced by different shape parameters. (A) Detection result by α = 0.5, β = 0.5; (B) Detection result by α = 0.5, β = 0.6; (C) Detection result by α = 0.5, β = 0.7; (D) Detection result by α = 0.5, β = 1.0; (E) Detection result by α = 0.5, β = 1.1; (F) Detection result by α = 0.5, β = 1.2. 
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Figure 13. Spectra of oil slicks and seawater of the simulation data. 
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Figure 14. Detection results produced by the ASDE method with the LID and LIS strategies. (A) Simulation data; (B) Detection result by ASDE method with LID strategy; (C) Detection result by ASDE method with LIS strategy. 
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Figure 15. Oil spill ground truth (A) and the detection results produced by FCN (B), SVM (C), and the ASDE method (D). 
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Table 1. Oil slicks with different thicknesses and their characteristics.
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Oil Slicks

	
Thickness/μm

	
Bonn Code

	
Characteristics






	
Silvery oil slicks

	
0.04~0.3

	
Code 1

	
Silvery oil slicks are silver.

Rainbow oil slicks are iridescent.

Metallic oil slicks exhibit metallic shine. They are collectively called sheens. Sheens slightly change the colour of the background seawater and is distributed around the thick oil film. Sheens have little spectral difference from the seawater.




	
Rainbow oil slicks

	
0.3~5.0

	
Code 2




	
Metallic oil slicks

	
5.0~50

	
Code 3




	
Discontinuous true-colour oil slicks

	
50~200

	
Code 4

	
Discontinuous true-colour oil slicks are thicker than sheens. They are orange-yellow and distributed in sheets on the sea surface. Their infrared reflection signal is slightly higher than that of seawater.




	
Continuous true-colour oil slicks

	
200~500

	
Code 5

	
The thickness of continuous true-colour oil slicks is larger than the discontinuous true-colour oil slicks. They distribute in short strips and cannot exist on the sea surface in a large area. They look dark grey or black. Their infrared reflection signal is significantly higher than that of seawater.




	
Emulsified oil slicks

	
500~

	
-

	
They are weathered oil slicks with huge thickness differences. They look orange-red in colour. They are band-like distributions up to several km in length. They have strong infrared reflection signals.











 





Table 2. Information of the experimental data.
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	Zhuhai-1 Satellite Data NO.
	Shooting Date
	Area
	Oil Spill Type





	HEM1_20210418142028_0008_L1B_CMOS2
	17 April 2021
	Tainan Basin
	Natural oil spill



	HCW2_20200722124480_0025_L1B_CMOS3
	21 July 2020
	Yinggehai Basin
	Exploitation accident



	HAM1_20210820212223_0018_L1B_CMOS1
	19 August 2021
	Yinggehai Basin
	Exploitation accident










 





Table 3. Oil spill detection accuracy.
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	Methods
	OA
	Recall
	F1
	IoU





	FCN
	0.87
	0.47
	0.10
	0.05



	SVM
	0.85
	0.56
	0.10
	0.05



	ASDE
	0.98
	0.54
	0.43
	0.27
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2026 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license.



























media/file30.png





media/file26.jpg
M Oil slicks
Seawater

[EN) ®) ©





media/file8.jpg
108* 2'0°E 108* 33°0°E 108° 4'0°E

108* W0E

(A)

108* 32'0°E 108* 33°0°E 108° 34'0°E 108° 3%°0°E

108° 2'0°F






media/file27.png
(A)

(B)

M Ol slicks
Seawater






media/file13.png
(E)

B Oil slicks
Seawater
[] Clouds

B Oil slicks
B Scawater
[ ] Clouds

B Oil slicks
B Scawater
[ ] Clouds

0.8

(D)

(F)

B Oil slicks
Seawater
[] Clouds

B Oil slicks
B Scawater
[ ] Clouds

B Oil slicks
Seawater
[ ] Clouds






media/file12.jpg
© o)

Seavaier
|00 Clouds

(E) )

L






media/file18.jpg
Spectral reflectance/ %

035

025

02

015

Low spectral reflectance

+ Oil slicks
A Clouds

B Seawater

500 00 700 300

Wave length/ nm





media/file9.png
108° 32'0"E 108° 33'0"E 108° 34’ o”E 1os° 3 0"E

Z.

:

o

o

o~

o

(A) :

lz L. L P Z
o 108° 32°0"E 108° 33°0"E 108° 34'0"E 108°350E 7
® : e °
o~ : w
° ~
©

& g

20° 24’ 0"N

20° 23'0"N

108° 32'0"E 108° 33°0 E 108° 34'0"E E

(B)

20° 22' 0"N





media/file14.jpg





media/file20.jpg
—o Oilsick ASDE)
SeawatrSpectnl DNA)
Ol sk (el DNA)

‘Spectral Band Index

AN ol e





media/file23.png
iw
PR eRenenenenen e pd £ e
k. 4 e
[ - oy .Y i
[} e » Py 4
[ et * T AT CU
] s =
[ § S Cal
[} o o i P
Leccscsccccccsasacal =

B Oil slicks
Seawater
[] Clouds

-
(]
[ ]
(]
(]
[
[ ]
']
(]
]
[ ]
[ ]
(]

e

.
‘..

ot

'y
'
-

EEEEEEEEEEEEES

B Oil slicks
B Scawater
[] Clouds

wall 7y
L e ;
'--"-.."""‘“ L \’ £ é '
- - ' L "
‘ LY -
"

¥

9 %:

YL Y s-tiatolaﬁn-’

-
.
.
.
L

a=0.5 p=11%

B Oil slicks
B Scawater
[] Clouds

(E)

.I--.-...O'--‘.-'
L

e

L}
'
'
[}
'
'
L

‘-‘c---an---u‘-‘im

i #‘.w ; .
ATy

' RS
' ‘8

®

jeeseesaeas ’.C".."‘_

o
T

. s
tilﬁ-“-“-“i‘l‘.i

a= 0.5, b=12

(F)

:
;

B Oil slicks
Seawater
[] Clouds

B Oil slicks
B Scawater
[] Clouds

A o

B Oil slicks
M Scawater
[] Clouds






media/file5.png
Spectra of samples in

Zhuhai-1 satellite data Zhuhai-1 satellite data
with oil slicks
| |
L 4
(DAdvanced spectral DNA

ASDE process

encoding process

Encoded samples

Encoded satellite data

Largest intra-class Extract spectral Largest interclass
similarity genes difference

@ Extract the spectral genes of oil slicks

-—

Sample genes

_| Calculate the
] similarity

l

Detect marine
oil slicks

Oil spill detection result @ Calculate similarity and detect oil slicks





media/file15.png
R T TR

E Wl Oil slicks
Seawater
[] Clouds

: £ (57 R PR TR E R
Bl Oil slicks
B Bl Scawater | §

B [ | Clouds

S B Oil slicks !
Seawater
[] Clouds

B Oil sllcks
Seawater
[] Clouds

Seawater
[] Clouds

B Oil slicks ||

B Oil slicks
Seawater
[] Clouds






media/file19.png
Spectral reflectance/ %

+  Oil slicks
A Clouds

B Seawater

Wave length/ nm






media/file28.jpg





media/file2.jpg
AC
as00|-
Spectral reflection signals | === T AT
< o~
< enp = e
: = of
2 2smf o i
ape en i cr;
% Shape cncodog Lo s 1o z
~ 5
z 16§
E 2000~ £
g ™’
&
1,500 T
EQ o 70 00 500
i
ACCCTTTTITTTTITTITTTITITTTTITTTTA
TAATAGAAACCCCCCCCCCCCANAAAAAACAC
AG
Ac{| Improved spectral DNA
encoding result
L AT
E
fce
3
Sca
B.Cr
16
TA
TC
0 20 60

Cndewnrd sequence





nav.xhtml


  sensors-26-03954


  
    		
      sensors-26-03954
    


  




  





media/file11.png
109* 18 0°E 109* 180°E 109° 20 0°F 109° 22 0°F

D 0375075

108° 16§ 0°E 108° 150°E

109° 16 O°F 2 109° 22 0F






media/file6.jpg





media/file24.jpg
e o scks
k- sl e
[

13
-






media/file29.png
MW Oil slicks W Oil slicks
M Background

B O1il slicks B Oil slicks

B Background B Background






media/file1.png
-
* "" Hyperspectral satellite

-

Ship leakage

Natural leakage o i1

o O Accident

5

O O

O O

0 0

¥io e

.9 0

= Accident

-
"

&

|

|

Oil reservoir f&i

P
[
P YAt A T o AT 13





media/file10.jpg
109" 18 0°F






media/file7.png
120° 12'0°E

21' 0N

|

i
aa

-

Z
S O1l slicks

120° 12 0°FE

120° 12'0"E

21'0°N

)
—

-

) 30

20

120° 15°0°E 120° 16’ 30
1 1
il
-t
L
N
1}_
D 02505 1 Miles! [
Rk o A4 4]
1 & cn I. 4
20" 15°0"E 120° 16" 30" E

; =
Y '
B
23
3
N
0 02505  1mies]|
| B T e
I

'30°E

1207 16





media/file16.jpg
WO sicks |
Scavater |

i

Y
ORI -

a-06 S-i3






media/file3.png
g

5

5

Speciral reflectance = 10,000

L500

- -
-
- 5
_|ﬂ
-
-

nae e
- > 0O =

-
)

Spectral DNA codewords

-
-

-
€

£

Shape modes

Shape er

2 3
Spectral DNA codewords

TA

TC

T00

S00 [111]
Wavelength/nm

STTTTTTTT
s AAACCCCCCCCC

Improved spectral DNA
encoding result ’-|

10 20 30

40

Codeword sequence





media/file22.jpg





media/file17.png
.---I.I.I..'-.-'

0 &

' : B
L B ¢
.‘:f;‘Q;N\- >
" R :

L]
‘ -
L-'.‘-.".'.-'I-"--..

a=0.5 B=1.3 88

trescescscsanasasals

t

e
: ‘{
_.g/

F.-l
.
-

.I.'-...l.'--'.”

a=0.7, B=13

X%
L E
|
0 2
t'w'@.'##-"m#' UQ. ;

1.1, B=138§
(E)

B Oil slicks
M Scawater
[] Clouds

AAAAA

B Oil slicks
M Scawater
[] Clouds

oy

B Oil slicks
B Scawater
[] Clouds

N

Ty

oo ess

e

a=0.6, =13

."'.

o TN
l‘
0
'

%

'..'-‘.I.'.-..J

0
'
'
'
L

1.0, B=13

L 3
L}
]
(]
| K.
]
(]
L}
Llecccccacacccas

TR

B Oil slicks
B Scawater
[] Clouds

B Oil slicks
B Scawater
[] Clouds

e

B Oil slicks
B Scawater
[] Clouds






media/file4.jpg
. . Spectra of samples in
Zhuhai1 satellite data Zhuhai-1 satellite data

‘with oil slicks

(DAdvanced spectral DNA
encoding process

ASDE process

Encoded samples

Encoded satellite data

Largest intra-class Extract spectral Largest interclass
similarity genes = difference

@ Extract the spectral genes of ol slicks 1

oil slicks

1
1
1
1
1
1
Detect marine 1
1
1
1
1
|






media/file25.png
Reflectance

3500 -+

3000

[ =]
n
o
L=
1

2000 4

1500

1000 4

—d— oil slicks
=& = oil slicks + noise
—fl— seawater

=M - seawater + noise

25

30






media/file0.jpg
&y Hyperspectral satellite

Ship leakage

Natural leakage Sl
b .

Accident





media/file21.png
0O 0O O
=N

ASDE code words
vy WGy

D
N

>

—{J== Seawater (ASDE)

== Qil slick (ASDE)
- = Seawater(Spectral DNA)
— &= Oil slick (Spectral DNA)

1

2

— a— N A I NN RN R G NN SR U W P SN B SR —
3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26

Spectral Band Index

T T 1 T
27 28 29 30 31 32

Spectral DNA code words





