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Abstract

:

Geoscientists have extensively used machine learning for geological mapping and exploring the mineral prospect of a province. However, the interpretation of results becomes challenging due to the complexity of machine learning models. This study uses a convolutional neural network (CNN) and Shapley additive explanation (SHAP) to estimate potential locations for gold mineralisation in Rengali Province, a tectonised mosaic of volcano-sedimentary sequences juxtaposed at the interface of the Archaean cratonic segment in the north and the Proterozoic granulite provinces of the Eastern Ghats Belt in Eastern India. The objective is to integrate multi-thematic data involving geological, geophysical, mineralogical and geochemical surveys on a 1:50 K scale with the aim of prognosticating gold mineralisation. The available data utilised during the integration include aero-geophysical (aeromagnetic and aerospectrometric), geochemical (national geochemical mapping), ground geophysical (gravity), satellite gravity, remote sensing (multispectral) and National Geomorphology and Lineament Project structural lineament maps obtained from the Geological Survey of India Database. The CNN model has an overall accuracy of 90%. The SHAP values demonstrate that the major contributing factors are, in sequential order, antimony, clay, lead, arsenic content and a magnetic anomaly in CNN modelling. Geochemical pathfinders, including geophysical factors, have high importance, followed by the shear zones in mineralisation mapping. According to the results, the central parts of the study area, including the river valley, have higher gold prospects than the surrounding areas. Gold mineralisation is possibly associated with intermediate metavolcanics along the shear zone, which is later intruded by quartz veins in the northern part of the Rengali Province. This work intends to model known occurrences with respect to multiple themes so that the results can be replicated in surrounding areas.
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1. Introduction


Generally, geological survey activities consist of mapping the composition of the crust and mineralisation by utilising both traditional and advanced methods through geochemical and geophysical techniques [1,2,3]. Such surveys result in integrating multisource geospatial data that is stored as maps in a digital database. This information can be used for mineral resource identification and exploration, which is a task tailor-made for a geographic information system (GIS). The GIS is used for exploring geospatial data in a wide range and analysing layers with several geospatial models. In response to mineral-potential mapping (MPM), a GIS offers integrating approaches such as weighted overlay, logistic regression, neural networks, etc., which use controlling factors [3,4] that include geology, geomorphology, geological structure, geophysical and geochemical information to develop mineral-potential maps [5,6,7,8,9,10].



Several studies have been conducted on GIS-based mineral-potential zone estimation [10,11,12]. Numerous techniques were proposed, developed, and tested by many researchers to analyse mineral occurrences [11,12]. Modelling approaches recorded in the literature are data-driven approaches (in-network processing, data compression and data prediction). Statistical modelling and machine learning approaches are more subjective approaches in mineral prospectivity mapping [12]. These models depend on the expert’s opinion or input information from the modeller to perform the weight calculation of conditioning factors. These methods are good for the unexplored landscapes characterised by some known deposits [13,14,15]. However, knowledge-driven techniques are used for any type of deposit using fuzzy logic [14,15] and the functions of the Dempster–Shafer evidence method [16,17,18,19,20]. Data-driven methods offer an objective approach and mostly rely on a relationship between the deposit types and the predictors. Therefore, these methods are suitable for moderate- to well-sampled areas characterised by known deposit types [21]. Several modelling methods such as the weights-of-evidence [22,23,24,25], frequency ratio (FR) [26,27], logistic regression (LR) [4,22,28] and artificial neural network (ANN) [29,30] methods were tested for mapping numerous mineral resources across different parts of the world. Surip [31] conducted a work in Penjom-Merapoh, Pahang (Malaysia) by using eight factors such as geology, faults, granite bodies, arsenic (As), tungsten (W), lead (Pb) and copper (Cu) concentrations in their research. Their study found that the Penjom Gold Mine is situated in a high-potential region with numerous favourable zones falling under a high-prospective area. In another work, McMillan et al. [32] conducted a mineral prospectivity study by developing a VNet convolutional neural network. This approach was implemented in a gold greenstone belt located in the Canadian Arctic. They implemented an algorithm for training to predict gold mineralisation deposits in the region. Xu et al. [33] conducted a study where a deep regression network was built to estimate the mineral potential in the Daqiao Gold Mine in Gansu Province, China using conditioning factors.



The current study is undertaken with the recent input of high-resolution geophysical, geochemical and geological baseline data from the Geological Survey of India to assess the prospectivity of the terrane with the aid of spatial integration. The study area has been investigated for base metal, gold and sillimanite by the Geological Survey of India (GSI) [34,35,36]. However, the only known base-metal prospect is from the Adash area, and gold occurrences exist near the eastern and northern parts of the study area [20,36,37,38,39]. Occurrences of gold have been reported near Sonakhani Village, Deogarh District and Odisha from the metavolcano-sedimentary assemblage of the Deogarh supracrustals lying in the northern part. The stream flowing near Jhara Gogwa of Sonakhani Village traverses the amphibolite-quartzite-minor metabasalt and quartz-sericite schist assemblage [36,37,39].



Although conventional geographical information techniques can analyse and explain multiple spatial data, the resultant models are inadequate. Moreover, in the complex geological scenario of RP, the resultant model may require highly complex processing. One of the limitations in traditional methods includes the insufficient utilisation of survey information, inaccurate model expression, and difficulty in dealing with an ample amount of geospatial data. However, no proper exposure in the RP could be found to conduct a geological or filed survey because of the inaccessible environment with complicated geotectonics [39]. However, not much work can be found on mineral-potential zone mapping using remote sensing and a geospatial dataset in the state of Odisha, India. Remote sensing data or data from the government’s geological agencies were used to perform this study. In this paper, an explainable AI-based CNN model is proposed. The recent availability of large amounts of high-resolution datasets provides a logical explanation for a realistic model, which can be achieved via this novel explainable AI (XAI) method [40,41].



Previous MPM research has focused on the quantitative extraction of anomalies, although some studies concentrated on the spatial distribution characteristics such as the coupling correlation amongst the distributions of geochemical elements, tectonics and strata outcrops using weights-of-evidence and traditional machine learning techniques [42,43,44]. Bonham-Carter [44] and Raines [45] conducted several studies on gold mineralisation mapping using a traditional weights-of-evidence technique that utilised a regional geoscience and GIS database. Several models, such as FR, LR, ML and deep learning (DL) models, are also used for potential zone mapping [22,23,24,25,26,27,28]. The database consists of geological bedrock and surficial maps, geochemical sediment samples, and airborne geophysical and mineral occurrence information. Geostructural features that include lineaments, folds and formation contacts were also considered. However, the current study includes a comprehensive assessment using detailed lithological, geophysical and mineralogical information to improve mineral-potential zone mapping using trendy and modern techniques. The relevance of different factors has rarely been considered in CNN and XAI modelling. This study has two objectives. Given that mineral occurrences are controlled by geological, geochemical and geophysical factors, the first objective is to prepare gold-potential maps by using the latest state-of-the-art artificial intelligence techniques. The second objective is to delineate possible new locales of mineral favourability areas for future mineral exploration. This work intends to identify potential favourability areas for gold mineralisation by minimising the timeline, prioritising the areas for exploration, and helping with decision-making and cost reduction.




2. Study Area


The Indian Precambrian shield comprises several “terranes” that have been amalgamated along specific boundaries [5,6,7,8,9]. Whilst several terrane boundaries are reportedly gradational [5], others are sharp and have been suggested to be collision zones [7]. A separate exotic, geological terrane sandwiched between the Mesoarchean Singhbhum and Bastar cratons in the north and west, respectively, and the Proterozoic orogen of the Eastern Ghats in the south has been recognised as the Rengali Province (RP). The RP is a wedge-shaped, neo-Archean terrane located in the Paleo-/Mesoarchean Singhbhum cratonic nucleus in the north between the Bastar craton in the west and Eastern Ghats Mobile Belt in the south [8,9]. The demarcation of the exact boundary between these two geological domains has not been properly resolved yet because of the intervening Gondwana sediments of the Mahanadi graben.



Geological models regarding the evolution of the terrane vary widely, considering it to be a suspect terrane [5,6,7,8,9,10,11,12], exotic/reworked terrane [5,9] or accreted arc terrane wherein granulites represent the thrusted, deep crustal section of the Singhbhum craton. The rock assemblages occupying the area between the high-grade granulites of the Eastern Ghats Mobile Belt (EGMB) and the low-grade assemblages of the cratonic granite greenstone ensemble possibly represent a distinct transitional belt. However, this terrane was designated as RP after Crowe et al. [5] and Nash et al. [9] identified not only several boundary shear zones, but also distinct lithotectonic characteristics of the terrane. The latter classified the basement rocks of RP as the Kansal and Badarama Complexes and the metavolcano-sedimentary sequences as the Pallahara complex. Crowe et al. [5] delineated a west-northwest–east-southeast (WNW–ESE) trending fault separating the Rengali and Angul lithoassemblages and marked another NW–SE trending fault along the eastern margin of the Malayagiri supracrustal belt. Lithostructurally, the central part of RP is occupied by Pal Lahara gneiss containing amphibolite and granulite patches of variable dimensions [5,46,47]. It is surrounded by low-to-medium-grade metavolcano-sedimentary supracrustal sequences, such as the Tikra, Malayagiri and Deogarh supracrustals. The Pal Lahara gneiss, along with the Malayagiri–Deogarh supracrustals, is juxtaposed against the Singhbhum craton by an E–W trending ductile shear known as the Barkot Shear Zone [5]. The NNW–SSE trending Akul ductile fault represents the eastern boundary of RP, separating the Singhbhum craton. The NE–SW trending Riamal Shear Zone forming the Riedel pair separates the Pallahara gneiss complex from the Badrama complex. The Kerajang fault [9] broadly coincides with the north Odisha boundary fault in association with the Sukinda thrust [48]. Deformed ~1.3 Ga to 1.4 Ga alkaline nepheline syenite intrusives occur in a zone between Riamal in the west and Kamakhyanagar in the east [49,50,51,52]. A geological map of the study area is presented in Figure 1. RP hosts base-metal (mainly copper), gold and gemstone mineralisation in the Adash-Porapara-Budido-Medinipur sector [46]. Compared with the mineralisation of the Singhbhum Shear Zone [9,47], the iron ore deposits of North Odisha craton [7,8,9,10,11,12] and the chromite–PGE association of Baula-Nuasahi of this terrane has not been fully explored for its mineral potential.



The area has been investigated for base metal, gold and sillimanite by the Geological Survey of India (GSI) [34,35,36]. The only known base-metal prospect is in the Adash area (central part of the study area), and gold occurrences exist near the eastern and northern parts of the study area [36,37,38,39]. The occurrences of gossans (base-metal association) in the Budido-Medinipur-Timur and Ramapalle-Adash-Porapara areas have been investigated with the help of geophysical and geochemical methods, but no encouraging results have been obtained. In the Adash-Porapara area (west of the Adash prospect), base-metal mineralisation is confined within silicified metabasic rocks. Earlier research has shown that base-metal mineralisation is confined within high-grade metamorphics. The investigation of base metals by the GSI near Adash has revealed the presence of malachite staining and alteration zones [37,38,40]. No multi-thematic data integration work has been carried out thus far in this study area (Figure 1). Occurrences of gold have been reported near Sonakhani Village, Deogarh District and Odisha from the metavolcano-sedimentary assemblage of the Deogarh supracrustals lying in the northern part [36,37,39]. The stream flowing near Jhara Gogwa of Sonakhani Village traverses the amphibolite-quartzite-minor metabasalt and quartz-sericite schist assemblage. The general strike of the rocks is E–W with a moderate dip toward the south. Stringers and veins of white quartz intrude into the metavolcanic, quartz-sericite schist. Panning for gold is performed during monsoons in several localities in the nearby streams. Incidences of fine gold grains have been reported whilst panning in the first-order and second-order streams around Chheliamendhia, Niktimal, Khondihi and Goilo [53,54]. Hence, the northern part of the area (covering typical locally sheared metavolcano-sedimentary rocks) appears to be a favourable target area for locating significant gold mineralisation [35].




3. Data and Methodology


Geological data, including lithological, structural and shear zone attributes, were collected from various sources [4,5,9,55,56]. All data are freely available in the BHUKOSH portal, Geological Map of India (Table 1). The study area is in the Survey of India toposheet No. 73C. The objective of the present work is to integrate multi-thematic data involving geological, geophysical, mineralogical and geochemical surveys on a 1:50 k scale with the aim to prognosticate new mineral occurrences. A lithological and shear zone map was prepared from the published data in the GSI and the available literature [5,9,56] by using in-house ArcGIS software (version 10.3). The geophysical data for gravity and magnetism were collected from the BHUKOSH portal.



The raw geophysical data collected at a station interval of 2.5 km2 were processed following standard published protocols by using in-house Geosoft software. The geochemistry of soil samples from every 1 km2 (sample from every 1 km2 area) from the first-order stream was analysed by the GSI under the aegis of the National Geochemical Mapping Programme (NGCM) and made available in the BHUKOSH portal. The soil samples were analysed for a set of 64 elements by following international protocols and several national/internal standards. The geochemical maps were created using inverse distance weighting (IDW) interpolation of the values of geochemical elements. For the geochemical and geophysical data, certain parts of the study area are devoid of any value due to the forest/sanctuary cover [57]. Landsat-8 (OLI) is a multispectral, nine-band land imager whose data type can be downloaded from the United States Geological Survey website. Out of the nine bands, seven are consistent with the Thematic Mapper and Enhanced Thematic Mapper Plus (ETM+) sensors found in earlier Landsat satellites and are thus compatible with historical Landsat data. Bands 1 to 9 have a spatial resolution of 30 m, whereas band 8 (panchromatic) has a spatial resolution of 15 m. The required amount of noise-free data was obtained for the study, and after corrections and image processing, band-ratio maps were prepared in ERDAS Imagine-14 software. Lineament maps were prepared based on the National Geomorphology and Lineament Project database (Geological Survey of India) and extracted from remote sensing (Landsat-8 OLI and Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)) data [58].



3.1. Detailed Description of Factors


Mineral prospectivity mapping (MPM) is a multifactorial modelling activity. It is a futuristic framework for potential zone identification that involves geoscientific data from multiple sources, such as geochemical, mineralogical, geophysical and geological surveys (Figure 2). The details of these factors are provided [59,60,61].



3.1.1. Geochemical Factors


Geochemical anomalies were considered for gold-potential zone mapping. The element contents of antimony (Sb), lead (Pb), arsenic (As), aluminium (Al), mercury (Hg), tin (Sn), cobalt (Co), copper (Cu) and silica (SiO2) in the samples were used as the indicators/pathfinders for gold occurrences. These elements are sometimes found in association with gold. The point data of each element concentration were converted into raster maps via the IDW interpolation algorithm. A pixel size of 444 m × 444 m was used to generate prospectivity maps in this study. These interpolated maps were utilised in a convolutional neural network (CNN) model to predict the binary targets. Similarly, all other predictive factors (geophysical, geological and mineralogical) were generated using the GIS platform for gold-potential zone mapping. The gold values from the first-order stream sediment sample ranged from 1.5 ppb to 348 ppb. The northern and northeastern parts in the north of Deogarh Town, Odisha, show anomalous gold values [37,39]. The rock types are metavolcanic sedimentary lithopackages in association with granite [54].




3.1.2. Geophysical Factors


Geophysical investigations provide an alternative approach for the prediction and potential mapping of mineralised zones, where limited baseline data are available and a highly complex geotectonic environment exists [62,63]. The use of traditional geophysical techniques reveals subsurface continuity along with the detailing of deposits in mineral exploration. This approach provides results that enable cost reduction and can replace borehole techniques [64,65]. Studies have supported the usage of geophysical information in the exploration of gold occurrences [66,67].




3.1.3. Geological/Structural Factors


Although gold occurrences have been reported in the northern part of the study area (near Sonakhani Village, Deogarh District, Odisha) from the metavolcanic sedimentary assemblage of Deogarh supracrustals [36,37,39], fine-grained gold is mostly documented from the extensive panning. The amphibolite sequence is interlayered with quartzite, which forms ridges and amphibolite peneplains. The alteration is prominent, and this Archaean metasedimentary package may serve as an ideal package for gold occurrences. The stream drains near Jhara Gogwa of Sonakhani Village, north of Deogarh District in Odisha, and traverses the typical, sheared amphibolite-quartzite-minor metabasalt and quartz-sericite schist assemblage. Incidences have also been reported from the first-order and second-order streams around Chheliamendhia, Niktimal, Khondihi and Goilo [54]. Hence, the northern part of the area with the typical, sheared lithoassemblage is an obvious target area for locating significant gold mineralisation [35]. Low-to-medium-grade (dominantly in amphibolite-grade) metavolcano-sedimentary rocks can therefore be of significance; moreover, secondary placer gold accumulations in colluvial/alluvial deposits have been revealed in this province [35]. In addition, the sheared lithological assemblage and the proximity of shear zones act as a major controlling factor for such occurrences [39]. Shear, which developed later than the last phase of folding in the Adash base-metal prospect, might have helped in dissipating copper mineralisation [34]. This condition implies that regional shear may possess control over mineralisation [39]. Therefore, all these factors were considered for the gold-potential mapping in this study.




3.1.4. Mineralogical Factors


Several types of remote sensing data, such as data from Landsat-8, Landsat Enhanced Thematic Mapper+ (Landsat-7 ETM+) and ASTER, have been used by several researchers to detect and map hydrothermal mineralisation [68,69]. These data help detect epithermal gold mineralisation in quartz-bearing veins. Clay and quartz can also serve as a pathfinder for gold mineralisation. Landsat-8 data such as the OLI remote sensing data were collected and used to identify hydrothermal alteration zones associated with the clay and silica deposits. The FLAASH algorithm was implemented for preprocessing and the DPCA method was adopted for alteration zone mapping. Then, this information was used as thematic layers for the gold mineralisation mapping. Near Telikusum Village (in the northern part of the study area), hard, massive amphibolite has been found to be altered and exhibits chloritisation and ferruginisation [39]. The alteration is prominent, and this Archaean metasedimentary package may serve as an ideal package for gold occurrences. Therefore, these pieces of information (i.e., Oli_clay and Oli_silica data) were also included in this study as two predictive factors for gold-potential zone mapping.





3.2. CNN


A CNN is a specialised network that integrates the invariance information of 2D shapes by imposing restrictions on the weights between neurons and using connection patterns [70]. The convolutions are the distinguishing component for feature extraction in a CNN model. The convolution of a filter f(x, y) and a data function g(x, y) can be expressed as:


  c  (  x , y  )  =   ∑   t = − ∞  ∞    ∑   s = − ∞  ∞  f  (  s , t  )  × g  (  x − s , y − t  )     



(1)




where c(x, y) denotes the convolution product, and t and s are the position parameters. Figure 3 demonstrates the procedures of CNN convolution. The filter function f(x, y) is also known as a convolutional kernel. The CNN’s capabilities depend largely on convolutional filters [71]. The amalgamation of activation functions, the loss function and backpropagation help in training convolution filters and weights for fully connected layers. For improved performance, max-pooling and activation functions that add nonlinearity can be applied to reduce the dimensionality and assist in solving nonlinear problems. The loss function is used to estimate the interval between the results obtained by the model and the ground truth. In this study, the softmax cross-entropy function was selected as the activation and loss function. The results of the CNN are a set of values. The softmax function converts these numbers into probabilities between 0 and 1 as follows:


  S o f t m a x  (   y i   )  =    e   y i        ∑   i = 1  n   e   y i       



(2)




where n denotes dimensionality and    y i      denotes the model output. Generally, the cross-entropy function estimates the distance between the labels (1 and 0 for gold and non-gold classification, respectively) and probability distribution. The cross-entropy function, H(p, q), can be expressed as:


   (  p , q  )  = −   ∑  x  p  ( x )    l o g q  ( x )   



(3)




where p(x) denotes the distribution of labels and q(x) is the probability distribution. The Adam optimiser was used in this study to reduce the distance between the CNN output and the ground truth [72]. The Adam optimiser estimates proper learning rates by updating weights and using loss function gradients. This adjustment process is known as backpropagation. When all the weights have been learned using the backpropagation algorithm, the CNN model can be used for classification and prediction purposes.




3.3. XAI Model


The XAI (i.e., Shapley additive explanation or SHAP) has been applied to CNN models to create additive attributes that help identify significant factors and determine the effects on model outputs. The SHAP technique adopts the concept of game theory, and it allocates an importance value to each factor on the basis of the impact on prediction. The existence of factors is considered in the SHAP estimation [73]. A linear additive feature attribute method is utilised in the SHAP to explain complex AI models as follows:


  f  ( a )  = g  (  a ′  )  =  ∅ 0  +   ∑   j = 1  J   ∅ j    a ′  j   



(4)







For an original method   f  ( a )   , the explanation model   g  (  a ′  )    and  J  are the mineralisation mapping attributes,    ∅ 0    is the output without any attributes,    ∅ j    denotes the SHAP values and input vector     a ′  j    indicates the occupancy of a specific attribute. Therefore, the SHAP can describe local and global models.




3.4. CNN Architecture and Implementation


Comprehensive geochemical data on gold were collected from the study location. The spatial resolution of the individual database was identical (i.e., 1:50 k), which is apt enough to provide a detailed view of the result over the study area. The resolution was chosen because the acquired data resolution at the start was 1:50 k. Then, several non-gold points were randomly generated using ArcGIS 10.6 to train the CNN model. The input data were prepared at data points for 16 layers. In a random subset, 80% of the spectrograms were selected as a training set (Figure 3). Next, a CNN model was developed for gold-potential zone mapping that continuously scanned through 16 indicators and convolutional layers and classified gold and non-gold locations (Figure 4). The CNN model was applied in TensorFlow (version 2.6, Google Inc., USA) and Python 3.5. The CNN architecture is composed of six layers, including the input and output layers. The CNN hyperparameters were experimentally explored for performance optimisation. This study applied the binary classification technique to evaluate the model’s performance. The trained dataset comprised 1403 samples, where 903 samples were positive (gold) and 500 samples were negative (non-gold). Out of the 1403 data points, 1122 and 281 samples were used for training and validation purposes, respectively.



A dataset for the entire study area was created (1 million points) for testing to estimate the values for each point and was used later on for probability/favourability mapping. With regard to optimisation, the Adam optimiser was implemented to optimise the model, and batch size (32), validation split (0.2) and verbose (1) were applied to avoid overfitting epochs (200). The CNN model was trained with a total of 124,402 trainable parameters (Table 2). The classifier predicted the targets as 0 and 1 with an accuracy of 90%. In the next step, postprocessing was conducted to convert the pixels to raster images to generate the potential map.




3.5. Learning the Model Parameters and Performance


The CNN was trained for one epoch on this dataset before the final supervised training of 32 epochs. The weight of the data layers was updated in the distant and supervised training phases through backpropagation.



Accuracy is a simple measure of a classifier’s performance [74,75].


  A c c u r a c y    (  A C C  )  =   N u m b e r   o f   c o r r e c t l y   l a b e l e d   s a m p l e s   N u m b e r   o f   a l l   t e s t i n g   s a m p l e s      



(5)







Precision is the representation of the measure of quality, and recall demonstrates the measure of quantity.


  P r e c i s i o n =   T P   T P + F P   = 1 − F P R  



(6)






  R e c a l l =   T P   T P + F N    



(7)







The accuracy (ACC), false positive rate (FPR), true negative rate (TNR), true positive (TP), true negative (TN), false positive (FP) and false negative (FN) are mentioned in the equations.



The F1 score is computed from precision and recall (i.e., the harmonic mean) of each class.


  F 1 =    (    p r e c i s i o  n  − 1   + r e c a l  l  − 1    2   )    − 1    



(8)









4. Results


A heat map was generated using all 16 factors for correlation (Figure 5). This map provides a visual summary of data and helps in perceiving complex information [76]. A numeric value can be obtained for each cell, and all values varying between −1 and 1 can be reported in a standard data table. Values ranging from small to large are denoted by colours ranging from light to dark, respectively. In simple terms, this map shows the relationship between attributes and signifies the impact of certain attributes on others. It presents a pairwise comparison of factors where the diagonal values are 1, as presented in Figure 4. Positive, negative and no effects can be observed in the attributes. In supervised learning, attributes that are important are generally considered in determining the target that can be generated based on the heat map results. The heat map shows that geochemical factors have more importance than geological factors.



The idea behind the SHAP feature importance estimation is to understand the impact of factors on the model output. The SHAP interpretation reveals the factors with a high importance, and large, absolute Shapley values can contribute to the CNN model for gold-potential zone mapping. In this study, the average impact of each factor was estimated with respect to impact magnitude. According to the results, Sb_con (0.16 ppm), Oli_clay (0.12 ppm), Pb_con (0.06 ppm), As_con (0.05 ppm) and Mag_anamol (0.04 ppm) have high impacts (Figure 6a,b). To estimate the global importance, this study summed up all the absolute Shapley values for a particular factor across the data. In general, SHAP feature importance is based on the magnitude of factor attributions, whereas permutation feature importance depends on model performance. The feature importance plot only contains importance, which is not informative.



Therefore, a summary plot that combines feature importance with feature effects was plotted. The summary plot shows the Shapley value for each point on a factor and an instance. The y-axis represents the position, and the x-axis shows the Shapley value. The factor values are presented in colours ranging from low to high. Overlapping points are shown as jittered on the y-axis to help understand the nature of the distribution of the Shapley values. The features are ordered in the graph on the basis of their importance (Figure 6b).



According to the results, the impact of the values on the model output for each data point varied; examples include Sb_con (−0.5–0.2), Oli_clay (−0.3–0.25), Pb_con (−0.4–0.1), As_con (−0.2–0.2) and Mag_anamol (−0.1–0.2) (Figure 6a,b). Swarm plots were plotted for the highly significant factors, such as Sb_con, Oli_clay, Pb_con and As_con for gold and non-gold classes, as presented in Figure 6c–f. The significant factors varied with respect to the two classes. More gold classes were found than non-gold classes in the Sb_con anomaly range of 0.1–0.5 ppm. More gold classes can be found in the Oli_clay range of 1.2 to 1.4 ppm than non-gold classes. Similarly, more gold classes were found in Pb_con (10–40 ppm) and As_con (1–20 ppm) than in non-gold classes. Therefore, these factors are significant for predicting gold locations. The geochemical targets and the known gold occurrences were under the high-potential zones. The training and testing accuracies obtained by the CNN model reached 96% and 90%, respectively. The estimated loss from this model was compared across the epochs. The obtained baseline error was 9.25%, and the final accuracy was 90% (Figure 7).



The confusion matrix (Table 3) and classification report show the details about macro- and weight averages, respectively. No pattern was observed in FNs in the confusion matrix. The precision, recall, F1 score and support for the non-gold (0) class were 0.92, 0.81, 0.86 and 100, respectively; the values for the gold (1) class were 0.90, 0.96, 0.93 and 181, respectively. The TP (81), FP (7), TN (174) and FN (19) values were obtained based on the confusion matrix.



Training was conducted with the augmented data on 16 major factors, including geochemical, remote sensing and geophysical data, in the training area. The CNN model performed well in locating favourable locations for gold mineralisation through the spatial maps of RP, India. The prospectivity output of the CNN model showed the high- (410) and low-prospectivity areas (0) and exhibited a good spatial correlation with known mineralisation based on the geochemical study. Sb, Pb, As, Al and Si, including clay, were located in the high-probability areas of gold. According to the results, all high-probability areas in the central, southern and SW parts of the study area were characterised by known occurrences.



This result indicates that anomalous elemental values occur along with gold in the high-probability locations on the map and serve as an indicator for mineralisation mapping. As previously mentioned, this study was conducted to estimate the spatial probability of base metals, gold and sillimanite. Gold occurrences were reported near Sonakhani Village, Deogarh District, Odisha by GSI. Another map was generated by conducting a geochemical analysis to check the probable locations with gold values varying between low (0.015 ppb) and high (409.22 ppb). The obtained map based on geochemical analysis showed similar potential locations as the map generated by the CNN model. The high-probability areas are also in the NE part of the study area. The central part of the area is large, implying a high potential for containing undiscovered occurrences because of the mineral-rich shear zone. The gold prospective map demonstrates that the shear zone is also a suitable location for gold occurrences. Gold occurrences in RP could be the epithermal type, which is generally associated with the sheared, interlayered, metavolcano-sedimentary sequence, and may be similar to that of Singhbhum Province [77,78] in terms of the source and regional geology [5,37,54]. These results suggest that a CNN with augmented data is useful for MPM and feasible for use in further explorations. Approximately 5–7% of the province is expected to be characterised by gold occurrences according to the obtained results (Figure 8).




5. Discussion


The Shapley approximation was implemented to estimate the importance of predictive factors for gold-potential zone mapping. On the basis of relative importance, individual factors were utilised in the CNN predictive model to map gold-potential zones. The Sb_con anomaly was the most significant factor, followed by As_con, Pb_con and Oli_clay. The Sb_con anomaly can thus be considered the direct pathfinder for targeted gold mineralisation. In RP, specks of gold have been found to be great dispersed in the stream environment, and fine-grained gold has been mostly documented from extensive panning. The streams traversing the interlayered amphibolite-quartzite sequence are significant. Therefore, a geochemical analysis of stream sediments could be the most useful tool for gold exploration and is still a primary technique for ground surveying and research [79]. The geochemical Au_con anomaly is considered a target for gold-potential zone mapping because gold is its own best geochemical pathfinder [79]. Therefore, high Au concentration values can be found over metabasalts, amphibolites and basic volcanics above 13.80 ppb, and the highest concentration is 410 ppb with the standard deviation of 47.96 ppb (Table 4). The Sb content varies from 0.01 to 1.34, and an average of 0.34 ppm was found in the study location, whereas the standard deviation was 0.18 ppm. Given that the Sb_con average was more than the average continental crust value, it is another pathfinder for gold. Oli_clay is the second important pathfinder for gold, with values ranging from 0 ppm to 1.6 ppm. The Pb_con anomaly varies from 2.63 ppm to 81.29 ppm, and the average value is 24.96 ppm; it is also an individual pathfinder for gold with a standard deviation of 11.85 ppm. In RP, the mercury (Hg) values range from 0.1 ppb to 369.6 ppb, and an average of 12.89 ppb can be observed.



Fifty percent of the values exceed the average value of 56 ppb in the upper continental crust. Generally, high concentrations of Hg with values of more than 15.14 ppb (α for Hg) can be found in metabasalts and conglomerates. The As concentration value ranges from 1.13 ppm to 82.08 ppm with an average of 8.90 ppm and standard deviation of 7.79. Ninety percent of the samples have As values above 1.5 ppm of the average value of the upper continental crust, according to Behera et al. [42].



Gold occurrences are mostly found as greenstone-hosted, lode and sediment-hosted gold deposits or as Archaean quartz-pebble conglomerate placers [77,78,80,81,82,83]. In the Indian subcontinent, gold metallogeny is episodic from the Mesoarchean to Neoproterozoic periods, peaking in the Neoarchean and Paleoproterozoic periods [83]. The gold deposits are commonly a lode type or vein/reef type restricted to shear zones. Secondary shear zones or splays act as the loci for mineralisation; deformed/metamorphosed host rocks in association with sulphides exhibit extensive wall rock alterations along the mineralised zones [78,83]. The main sources of gold occurrences could be the interlayered sheared amphibolite-quartzite sequences in association with quartz veins in RP. The occurrences are mostly found in the streams traversing the abovementioned sequences. Panning for gold is performed during monsoons in several localities in the nearby streams [5,36,37,54]. A nearly similar situation is observed in Singhbhum Province, where the gold in the cratonic core region occurs either as greenstone-hosted lode gold or as a modified paleoplacer, whereas in the North Singhbhum Mobile Belt it is associated with quartz reefs and auriferous sulfides hosted by greenschist-amphibolite facies rocks [78]. Hydrothermal fluids derived from concealed granitic batholiths could be another source for gold mineralisation [84]. Behera et al. [42] stated that during the Early–Middle Triassic, multiple gold-polymetallic mineralisation events in association with felsic magmatism occurred in the adjacent Sonakhani Greenstone Belt. Hence, the available geological clues have been integrated whilst carrying out the study.



Behera et al. [42] integrated the fuzzy analytical hierarchy process (FAHP) with the concentration-area (C-A) fractal model by using the GIS platform for gold-potential zone mapping in the Sonakhani Greenstone Belt, India. This study regarded the pathfinder elements (Au, As, Ag, Hg, Sb and Se) as predictive factors (independent variables). This study validated that already identified gold-enriched blocks can be adopted for the successful prediction of potential zones. This study area was subjected to a multifractal approach based on follow-up activity, which validated the CNN results. Zhang et al. [43] applied three approaches, namely, the support vector machine (SVM), backpropagation (BP) neural network and weights-of-evidence (WOE) method, to map potential zones for gold in the Hatu region of Xinjiang in northwestern China. The area under the curve (AUC) for the SVM, BP and WOE methods was 0.811, 0.825 and 0.790, respectively. Their results showed that high accuracy can be achieved by BP when the AUC ranges within 0.7–0.9. In a recent work, Zhang et al. [85] conducted MPM by using a data-driven method known as an unsupervised convolutional auto-encoder network (CAE)-based CNN for geoinformation synthesis. Sun et al. (2020) used a set of machine learning models, such as the SVM, random forest (RF), ANN and CNN models, for tungsten (W) prospectivity mapping in Jiangxi Province, China. The study recorded an overall accuracy of 95%. The highest accuracy in correctly classifying samples was recorded by the CNN model with 92.38%, followed by the SVM (85.71%) and RF (87.62%) models; the ANN (85.24%) had the lowest accuracy. The current accuracy based on the CNN shows that the model is suitable for gold mineralisation mapping (Table 5).



Gold mineralisation is a rare phenomenon. Ground truth and known occurrences are scarce compared with non-mineralised locations, thus making the CNN fail to relate predictive (all factors) and target (random and known mineral locations) variables accurately [85]. Furthermore, uncertainty in mapping potential mineralisation could arise because the target variable varies from a mineralisation trace to typical deposits. According to the results, the CNN model has an accuracy rate of 90% and a higher capability in mapping gold-potential occurrences compared with traditional machine learning algorithms.




6. Conclusions


This study used a CNN model for native gold-potential zone mapping. Geochemical data with a small number of known mineral (economic point of view) occurrences as well as geophysical, geological and mineralogical data were utilised to build and train a CNN model. The mapped areas exhibited a strong spatial correlation with the known mineral occurrences, and most of the known mineral occurrences were located in high-probability areas in the developed gold-potential map. The obtained results proved the adequacy of the CNN model for integrating multisource geoscience data and its feasibility for guiding further explorations. This study also created a mineral-potential map for RP that highlights the gold prospective zones. The central, northeastern, south and southwestern parts of the province were considered high-potential zones for gold mineralisation. All potential locations had undiscovered gold mineralisation due to the favourable sheared interlayered metavolcano-sedimentary sequences. The potential zones were verified through geochemical analysis and known gold occurrences.



Recognised pathfinders are not always meticulous factors and disregarding the ones that are deemed irrelevant for mineral-potential zone mapping is not good. Therefore, a set of quantitative prediction models must be established to simultaneously create a geological background and big data for prediction. Accordingly, the prediction models of big data and the AlexNet algorithm of the D-CNN, which has been proven effective in depicting complicated and nonlinear spatial predictions, could be adopted in future research. This study proposed a SHAP model that can reveal the relevance of various factors for gold-potential mapping.



The proposed CNN model is effective in gold-potential zone mapping by synthesising multi-geoinformation. The next investigative step for predictive work in the study area will focus on high-favourability metallogenic locations in RP that are not known to contain occurrences. For the detailing of mineral-potential occurrences, a stream-based grid sediment sampling analysis, thematic mapping characterisation of volcano-sedimentary lithopackages and local pitting–trenching followed by suitable ground geophysical techniques can be used in the future. The CNN model used in the current work provides insights into the adoption of data-driven methodologies for gold-potential mapping in similar environments. The produced maps could be enhanced further by using highly developed AI methods, including local interpretable model-agnostic explanations and class activation mapping, and more geochemical, structural, geological, geophysical and satellite data.
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Figure 1. Study area location map. 






Figure 1. Study area location map.
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Figure 2. Factors considered in CNN and XAI models for gold (Au) mineralisation-potential zone mapping. (a) Al_con, (b) Sb_con, (c) Co_con, (d) Sn_con, (e) Hg_con, (f) As_con (continued), (g) Cu_con, (h) Pb_con, (i) SiO2_con, (j) Oli_silica, (k) Oli_clay, (l) Mag_anamol (continued), (m) Boug_anamol, (n) Dist_shear, (o) Lith_gold, and (p) Linea_den. 
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Figure 3. Architecture of CNN model for gold mineralisation mapping. 
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Figure 4. Methodological flow chart for gold (Au) mineralisation-potential zone mapping. 
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Figure 5. Heat map presents the correlative relationship among factors. 
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Figure 6. (a) Importance of factors based on SHAP values, (b) summary plot based on SHAP values for all factors for potential zone mapping, (c) swarm plot showing the distribution of highly significant attributes (Sb_con) for the gold and non-gold classes, (d) Oli_clay, (e) Pb_con and (f) As_con. 
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Figure 7. (a) Accuracy and (b) loss estimation for the CNN model. 
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Figure 8. (a) Mineralisation-potential zone for gold based on CNN model, and (b) geochemical study-based gold bearing locations. 
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Table 1. Data used for gold (Au) mineralisation-potential zone mapping.
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Factors

	
Code Names

	
Sources

	
Resolution and Scale

	
References






	
Magnetic

anomaly

Bouguer anomaly

	
Mag_anamol

Boug_anamol

	
Crowe et al. [5]; Nash et al. [9]; BHUKOSH portal, Geological map of India [56]

	
25 m and 1:50 k

	
The importance of all the factors mentioned are chosen based on gold group elements (gold, silver, copper, mercury, aluminium and lead) [55,57,58]




	
Antimony (Sb)

Lead (Pb)

Arsenic (As)

Aluminium (Al)

Mercury (Hg)

Tin (Sn)

Cobalt (Co)

Cupper (Cu)

Quartz (SiO2)

	
Sb_con

Pb_con

As_con

Al_con

Hg_con

Sn_con

Co_con

Cu_con

SIO2_con




	
Lithological map

Shear zone

Lineament map

	
Lith_gold

Dist_shear

Linea_den




	
OLI-Landsat 8 (silica)

OLI-Landsat 8 (clay)

	
Oli_silica

Oli_clay

	
United States Geological Survey (USGS)
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Table 2. Trainable and non-trainable parameters for the CNN model.
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Layer (Type)

	
Output Shape

	
No. of Parameters






	
dense_1 (dense)

	
(None, 200)

	
3400




	
dropout_1 (dropout)

	
(None, 200)

	
0




	
dense_2 (dense)

	
(None, 200)

	
40200




	
dropout_2 (dropout)

	
(None, 200)

	
0




	
dense_3 (dense)

	
(None, 200)

	
40200




	
dropout_3 (dropout)

	
(None, 200)

	
0




	
dense_4 (dense)

	
(None, 200)

	
40200




	
dropout_4 (dropout)

	
(None, 200)

	
0




	
dense_5 (dense)

	
(None, 2)

	
402




	
Total parameters: 124,402




	
Trainable parameters: 124,402




	
Non-trainable parameters: 0
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Table 3. Confusion matrix obtained from CNN model prediction.
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Actual

	
Predicted




	

	
Positive

	
Negative




	
Positive

	
81

	
19




	
Negative

	
7

	
174
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Table 4. Basic statistics of the major elemental concentrations in the study area.






Table 4. Basic statistics of the major elemental concentrations in the study area.





	Major Concentrations
	Minimum
	Maximum
	Sum
	Mean
	Standard Deviation





	Au_con (ppb)
	1.42
	410
	48743.52
	34.72
	47.96



	Sb_con (ppm)
	0.015
	1.34
	475.45
	0.34
	0.18



	Pb_con (ppm)
	2.63
	81.29
	35039.13
	24.96
	11.85



	As_con (ppm)
	1.13
	82.08
	12491.84
	8.90
	7.79
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Table 5. Classification report of the CNN model.
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Precision

	
Recall

	
F1-Score

	
Support






	
Non-gold

	
0.92

	
0.81

	
0.86

	
100




	
Gold

	
0.90

	
0.96

	
0.93

	
181




	
Accuracy

	

	

	
0.91

	
281




	
Macro-average

	
0.91

	
0.89

	
0.90

	
281




	
Weighted average

	
0.91

	
0.91

	
0.91

	
281




	
Classification accuracy: 0.90
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