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Abstract


The deep integration of machine learning technology with geological prospecting has brought to the forefront a key challenge: how to construct geological-mineralization models by fusing multi-source data, select model features with guidance from metallogenic factors, build multi-source metallogenic prediction models with geological constraints, and ultimately achieve a thorough integration of domain knowledge and machine intelligence. The Eastern-Central Tianshan region is one of China’s most important copper–nickel mineral resource bases, predominantly hosting magmatic copper–nickel sulfide deposits with significant resource potential. In this context, this paper proposes a metallogenic prediction model based on multi-modal feature fusion technology. The model employs a Residual Neural Network (ResNet) incorporating a Squeeze-and-Excitation (SE) attention mechanism and a Multi-Layer Perceptron (MLP) to extract features from different modalities. It integrates multi-source data, including geochemical information, geological metallogenic factors, and aeromagnetic data. A cross-modal feature interaction module, constructed using attention weighting and a gating mechanism, enables deep fusion of the features. After training, the model achieved a prediction accuracy of 97% on the test set. Compared to a unimodal model constructed using Random Forest, the confidence and discriminative capability of the training results were significantly enhanced, validating the effectiveness of multi-modal feature fusion. Applying the trained model to the study area, a total of 11 prospective metallogenic zones were delineated. These include 4 zones in the peripheries of known deposits and 7 zones in previously unexplored (blank) areas. Notably, some known mineral occurrences fall within the predicted blank-area targets, validating the feasibility and significant value of multi-modal feature fusion in mineral prediction. This work provides a novel methodology for the subsequent integrated processing of multi-source data.
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1. Introduction


In recent years, mathematical geoscience, which integrates big data and artificial intelligence (AI), has ushered in the era of geological big data and AI [1,2,3,4,5]. Deep learning techniques have been widely applied in geosciences for tasks such as mineral prospectivity mapping [6,7,8,9], lithology identification [10,11], mineral recognition [12,13], and 3D geological modeling [14,15,16]. A particularly prominent area is the integration of multi-source prospecting information. The core objective is to integrate data obtained from multiple sources, diverse perspectives, and diverse methods to train models for a specific task. Since information integration can reduce the multiplicity of solutions and uncertainties associated with using a single data source [17], research on multi-modal data interaction—how to leverage multi-source information to enhance prediction accuracy and achieve comprehensive processing of diverse factors—remains a critical topic today. Modality refers to the specific form in which information is presented, such as text, image, or audio. When a research problem involves more than one modality, the process is termed multi-modal [18]. The fundamental motivation for using multi-modal data is that it allows for the synthesis of information from various modalities for a given learning task. Compared to using data from a single modality, this approach can significantly enhance model performance, leading to more accurate predictive results [19,20].



Numerous studies based on multi-source data fusion have been conducted. For instance, Li Zhongtan et al. (2022) used interpolation to convert geochemical and aeromagnetic data into regular grid data, constructed a 2D training dataset, and ultimately achieved mineral prospectivity prediction using a 2D Convolutional Neural Network (2DCNN) [21]. Ding et al. (2022) normalized representative values within regular grids of geological data, elemental geochemical anomaly data, and aeromagnetic data from the study area, partitioned the grids, and employed a Siamese neural network for training [22]. Soran Qaderi et al. (2025) used a Deep Adversarial Network to synthesize new 2D geochemical, geological, and remote sensing data, followed by training with a Random Forest model [23]. These and similar approaches [8,9,24,25] primarily operate at the data processing level, using various methods to scale data from different modalities to a common dimension, and then performing training on that unified data representation to achieve multi-source data fusion. However, multi-modal data fusion is not entirely equivalent to multi-modal feature fusion; it more closely resembles early fusion within the broader taxonomy of multi-modal fusion. Multi-modal fusion is generally categorized into three paradigms: early fusion, intermediate fusion, and late fusion. Early fusion occurs before feature extraction by the model and is a form of data-level fusion. Intermediate fusion takes place after feature extraction and is a form of feature-level fusion. Late fusion occurs at the decision-making stage and is a form of decision-level fusion [26]. For example, Zheng et al. (2024) harmonized features from geological models and simulated data, subsequently using a joint module for connection and extraction, thereby ensuring the interrelationship between geological structure and processes [27]. Peng et al. (2025) integrated features from multi-modal data to predict fracture paths in reservoir rocks, achieving superior prediction accuracy and stronger generalization capability compared to traditional single-modality models [28]. Guo et al. (2024) applied 12 different fusion schemes to various heterogeneous data obtained from local sensors, including soil images, net weight data, and TDR waveform data [29]. Their experimental results demonstrated that the complementarity offered by intermediate fusion is crucial for enhancing target prediction tasks and improving engineering application efficiency.



Intermediate fusion (feature-level fusion), owing to its unique advantages in information representation and interaction depth, is often regarded as a balanced and efficient approach. It occurs in the intermediate stage of data processing, where high-level features extracted independently from each modality are integrated. Compared to early fusion (data fusion), which faces challenges of high noise and heterogeneity from prematurely mixing raw data, and late fusion (decision fusion), which suffers from the loss of low-level correlations between modalities due to independent decision-making, intermediate fusion preserves the specificity of each modality while enabling deep cross-modal interaction and synergy at the feature level. This offers distinct advantages over both early and late fusion, and this method has been widely applied in various fields such as medicine [30,31,32,33], computer signal processing [26,34,35], and fault detection [36,37,38]. In light of this, previous deep learning-based mineral prospectivity modeling has largely focused on early (data) fusion, where data is either extracted into one-dimensional tables or visualized as two-dimensional images to train network models. Structured data offers precise information but has limited representational capacity, failing to fully exploit the data’s value. Conversely, while 2D data can accommodate more complex relational information, it suffers from scarce training data, increased difficulty in recognizing subtle features, and an exponential increase in model complexity. Intermediate (feature-level) fusion, however, can combine the strengths and weaknesses of different modalities to achieve complementarity, integrating subtle features with spatial information. Therefore, this paper attempts to establish a mineral prospectivity model using an improved intermediate (feature-level) fusion approach. By extracting features separately from different modal data and integrating the precision of geological prospecting elements with their complex interrelationships, we aim to achieve information complementarity, facilitate deeper data interaction, and ultimately obtain optimal mineralization prediction results.




2. Methods


The core task of mineral prospectivity prediction lies in integrating multi-source, heterogeneous exploration data—such as geophysical, geochemical, geological, and remote sensing data—to construct comprehensive models capable of explaining genetic relationships of ore deposits and delineating prospective areas. In this context, the introduction of deep learning techniques aims to more efficiently uncover potential coupling relationships and deep-seated features within multi-source information [39]. Based on the fusion level and interaction mechanism, multi-modal feature fusion methods can be categorized into three core paradigms (Figure 1):



1. Early fusion (data-level fusion): Raw data or shallow features are directly combined at the model input stage through methods such as feature concatenation or tensor stacking. Theoretically, this allows for the learning of the most comprehensive correlations from the original information and offers significant computational efficiency advantages. However, it strictly requires modality alignment and is sensitive to misalignment noise, making it suitable for scenarios where modalities are highly coupled. In the field of geological exploration, the diversity of exploration methods generates heterogeneous data types, making it difficult to achieve highly coupled modalities; consequently, premature fusion may amplify data noise.



2. Intermediate fusion (feature-level fusion): Abstract features from heterogeneous modalities interact within deep networks. This allows each modality to first form its own feature representation before selective interaction occurs, thereby avoiding interference from raw noise. It supports fine-grained, non-linear feature interactions and is more robust to data heterogeneity and missing data. This approach is suitable for integrating data obtained from various exploration methods. However, the feature interaction module is central to the fusion process, and its architectural design directly impacts prediction outcomes.



3. Late fusion (decision-level fusion): Each modality is modeled independently, and their prediction results are then integrated. This approach is simple to implement, highly modular, and allows for the use of pre-existing, optimal single-modality models. Although it exhibits strong fault tolerance, it suffers from significant information loss and cannot deeply exploit complementary information. When predictions from different modalities conflict, they lack a basis in underlying features for effective arbitration, making it difficult to model fine-grained cross-modal correlations [26,40]. Given that mineralization is the result of the spatiotemporal coupling of multiple geological factors (such as structure, lithology, and element anomalies), this fusion approach may lose the deep interconnections among multi-modal data, hindering the model’s ability to effectively learn the conditions favorable for mineralization.



The core of intermediate fusion lies in its interaction module, which can dynamically model the nonlinearities and dependencies among features from different modalities [41]. Deep-level feature fusion can more effectively enhance data utilization, particularly for the multi-source coupling and integration of geological prospecting factors. Focusing on two data modalities—tabular data (from geochemistry, geophysics, and geology) and image data—this paper proposes a multi-modal deep learning model designed for the fusion of image and tabular data. The model aims to improve the performance of binary classification tasks through effective feature interaction and selection mechanisms. The primary focus is on extracting geochemical features, supplemented by fault structures, geological attributes, and aeromagnetic information. The overall model consists of three main components: dual-branch feature extraction and a cross-modal fusion module (Figure 2). The architecture is as follows:



Dual-Branch Feature Extraction



Image Branch: This branch processes various types of 2D image data derived from geological processes, including processed geochemical distribution maps, geological maps, and aeromagnetic images. Using labeled samples for classification, it comprehensively extracts subtle features related to prospective areas to enhance spatial information recognition. It employs an improved ResNet architecture by incorporating residual blocks with a Squeeze-and-Excitation (SE) attention mechanism. The input, after passing through convolution and pooling layers, is processed through residual connections to maintain gradient flow. Each residual block consists of two paths: a main path (two convolutional layers with 3 × 3 kernels, followed by batch normalization and the SE attention mechanism) and a residual path (a convolutional layer with a 1 × 1 kernel followed by batch normalization). The features from both paths are summed and then passed through a max-pooling layer. At the end of the branch, global average pooling is applied to compress the spatial features into a vector. Concurrently, a Dropout layer with a rate of 0.4 is used to randomly deactivate a portion of the neurons, mitigating overfitting. After feature extraction through two such residual blocks, the branch outputs feature representations containing comprehensive information from the 2D image data.



Geochemical Branch: This branch processes the 1D geochemical and fault structure data acquired from exploration activities. It employs the same labeling scheme as the image branch to ensure alignment, thereby facilitating a more comprehensive extraction of information related to geochemical elements and fault structures. First, a fully connected layer with a Sigmoid activation function generates adaptive feature weights, which are used to perform weighted screening of the original features. Subsequently, a three-layer Multilayer Perceptron (MLP) extracts deep nonlinear features, with each layer followed by batch normalization and a Dropout layer with a rate of 0.4. This process ultimately yields feature representations encapsulating the 1D geochemical and fault structure information.



Cross-Modal Fusion Module



As the most critical component of the entire model, this module operates as follows. First, attention weight generation: The image and geochemical feature vectors are each mapped to a common semantic space through a fully connected layer with Tanh activation. These transformed vectors are then multiplied element-wise, and the result is passed through a Sigmoid function to generate attention weights. These weights are applied to the features of both modalities individually. Subsequently, independent fully connected layers with Sigmoid activation generate gating network signals, which perform a secondary selection on the original features to retain salient information. The gated features from both modalities are then concatenated and fused through a fully connected layer with ReLU activation, followed by batch normalization and a Dropout layer with a rate of 0.5, producing the cross-modal fused features. Simultaneously, separate fully connected layers with ReLU activation are applied to the gated image and geochemical features to generate auxiliary supervisory features, aimed at preserving modality-specific information. The cross-modal fused features and the two auxiliary supervisory features are concatenated into a 768-dimensional vector. This vector is further integrated by a fully connected layer, followed by layer normalization and Dropout. Finally, a fully connected layer with Softmax activation outputs the classification probabilities. The model is trained using the Adam (Adaptive Moment Estimation) optimizer, which adaptively adjusts the learning rate. Evaluation metrics include accuracy, loss function, confusion matrix, and others. This design achieves adaptive cross-modal fusion through attention and gating mechanisms. By incorporating auxiliary supervisory branches to maintain the characteristics of each modality, it enhances feature representation capabilities while mitigating overfitting. Its core advantage lies in a deep and conservative multi-modal fusion strategy, as opposed to simple feature concatenation or late decision fusion. Centered on an “attention-gating” mechanism, it establishes a complete technical pipeline encompassing deep optimization of heterogeneous features, refined cross-modal interaction, and complementary fusion of multiple information streams.




3. Regional Geological Background


3.1. Geological Overview of the Study Area


The Central Asian Orogenic Belt (CAOB) is an accretionary orogen and represents the largest and longest-evolving orogenic belt on Earth since the Phanerozoic [42]. It has undergone a complex tectonic evolution involving basement development, the formation and early evolution of the Paleo-Asian Ocean, late Paleozoic ocean evolution and initial continental collision, followed by post-collisional tectonics and intracontinental development stages [43,44]. The orogen is bounded to the north by the East European–Siberian Craton and to the south by the Karakum Block and the Tarim–North China Craton (Figure 3a). It hosts numerous magmatic sulfide deposits, most of which formed during the Permian. The Altai, Junggar, Tianshan, and Beishan regions are integral components of the CAOB and constitute one of the most significant mineral resource bases in northwestern China [45]. This study focuses on the eastern Tianshan region, specifically the East Tianshan and Central Tianshan areas. Located in the southwestern part of the CAOB, this area lies at the junction of the Mongolian and Kazakhstan tectonic domains [46] (Figure 3b).



The study area is located primarily within the East Tianshan-Central Tianshan Massif. Several major east–west trending fault zones constitute the fundamental structural framework of the East Tianshan and Central Tianshan orogenic belts [47], primarily including the Dacaotan Fault, Kangguer Fault, Yamansu Fault, Aqikekuduke Fault, and Xingxingxia Fault. The East Tianshan-Beishan region hosts numerous magmatic Cu-Ni-Co sulfide deposits associated with mafic–ultramafic rocks, making it a significant metallogenic belt for this deposit type in China [48]. From north to south, the area can be divided into the Dananhu-Tousuquan island arc belt, the Kangguer-Huangshan shear zone, the Yamansu island arc belt, and the Central Tianshan Massif (Figure 3c), hosting polymetallic deposits predominantly composed of Au, Cu, Ni, Pb, Zn, and Fe [49]. The exposed strata in the region are primarily Paleozoic, including the Lower Devonian Dananhu Formation, the Lower Carboniferous Yamansu Formation, and the Middle Carboniferous Gandun Formation and Wutongwozi Formation, with subordinate Cenozoic Tertiary and Quaternary sediments sporadically distributed. Cu-Ni mineralization is predominantly concentrated in the Permian, which represents one of the most significant Cu-Ni metallogenic epochs on the southern margin of the CAOB and holds particular importance within China’s Cu-Ni sulfide deposit metallogenic belts [50]. The discovered Cu-Ni deposits are mostly associated with mafic–ultramafic intrusions, concentrated within the Kangguer-Huangshan shear zone and hosted in Carboniferous volcanic–sedimentary rocks. These include notable deposits such as Tulaergen, Hulu, Huangshan, Huangshandong, Xiangshan, Tudun, and Erhongwa.
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Figure 3. Structural sketch of the study area [51,52]. (a) Location of the Central Asian Orogenic Belt (CAOB) and adjacent tectonic units. (b) Tectonic position of the Eastern-Central Tianshan within the southwestern CAOB. (c) Geological and tectonic division of the East Tianshan-Central Tianshan study area. 
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3.2. Typical Deposit


3.2.1. Baixintan Cu-Ni Deposit


The Baixintan Cu-Ni deposit, hosted in a Permian mafic–ultramafic intrusion, is a typical magmatic Cu-Ni sulfide deposit. It is situated at the junction of the Tarim ancient continental margin block and the southern Junggar active belt [53]. Bounded by the Kangguertag Fault, the area to the north is assigned to the Harlik stratigraphic subzone of the Junggar stratigraphic region, while the area to the south belongs to the Qiugemingtash-Huangshan stratigraphic subzone of the North Tianshan stratigraphic region. The exposed strata consist mainly of the Ordovician, Devonian, Carboniferous, Jurassic, Paleogene-Neogene, and Quaternary systems. Magmatic rocks are well developed in the area and, based on intrusion age, can be categorized into Devonian, Carboniferous, and Permian intrusions (Figure 4). Devonian intrusive rocks are predominantly monzogranite, showing an overall compositional trend from intermediate to acidic, with acidity increasing in later stages. Carboniferous intrusions are second in abundance to the Devonian and exhibit a complete rock spectrum, ranging from ultramafic to acidic compositions. Permian intrusions mainly consist of normal granite and monzogranite, often occurring as irregular, elongated bodies, with weak thermal contact metamorphism observed in the surrounding rocks [54,55]. Geophysical data indicate that the Kangguer-Huangshan deep fault zone serves as a boundary for gravity and aeromagnetic anomalies in the region and is associated with beaded local magnetic anomalies, establishing it as the most important structure controlling both rock emplacement and mineralization in the area. The Dacaotan Fault, located north of the Kangguer-Huangshan deep fault, also exhibits beaded magnetic anomalies along its trend. The known mafic–ultramafic intrusions associated with these anomalies are mainly the Baixintan and Haibaotan intrusions. The discovery of the Baixintan deposit suggests that the Dacaotan Fault may also be a significant structure controlling rock emplacement and mineralization in the region, indicating potential for further Cu-Ni exploration along both sides of this fault [56].




3.2.2. Lubei Cu-Ni Deposit


The Lubei Cu-Ni deposit is located on the northern side of the Kangguer Fault and is hosted within tuffaceous clastic rocks of the Lower Carboniferous Xiaorequanzi Formation. The deposit comprises northern and southern ore zones. The southern zone consists of ultramafic to mafic rocks, which serve as the host rocks for the rich ore bodies. The main lithologies here are peridotite, pyroxene peridotite, olivine pyroxenite, and pyroxenite, with minor amounts of gabbro, diorite, and quartz diorite in the periphery and margins. The northern zone is composed of mafic rocks, primarily gabbro and hornblende gabbro, with minor diorite in the periphery [57,58]. Intrusive rocks are well developed within the mining area, occurring as irregular apophyses and stocks. A mafic–ultramafic rock belt has developed along the Kangguer Fault and its secondary faults. The emplacement of these intrusions is closely related to sulfide mineralization, representing a direct manifestation of mineralization in the central segment of the East Tianshan metallogenic belt [59] (Figure 5). The Lubei Cu-Ni deposit is another Cu-Ni deposit discovered following the Baixintan Cu-Ni deposit, through anomaly verification using geochemical exploration techniques. The anomalous element assemblage is Cu-Ni-Cr-Co-(Sb-As-Mo-Zn) [60]. The discovery of this deposit demonstrates the potential for the extension of the western East Tianshan Cu-Ni metallogenic belt.




3.2.3. Huangshan-Jing’erquan-Tulaergen Cu-Ni Deposit


The Huangshan-Jing’erquan-Tulaergen area hosts the most concentrated Ni deposits in Xinjiang. The Cu-Ni deposits in this area are spatially distributed in two belts: the northern belt is controlled by the Kangguer Fault, while the southern belt is controlled by the Huangshan-Jing’erquan Fault. Magmatic activity was frequent in this region, with the Late Paleozoic being the most intense period, giving rise to mafic–ultramafic intrusions such as those at Huangshan, Huangshandong, Hulu, and Tulaergen [61,62] (Figure 6). The basic intrusions in the area are covered by Quaternary sediments [63]. In the Huangshan area, the exposed strata consist mainly of the Carboniferous Gandun Formation, Neogene, and Quaternary deposits. The intrusive rocks, primarily formed in the Permian, are distributed along the Kangguer Fault zone and are predominantly mafic–ultramafic and granitic in composition. Among these, intermediate-acidic rocks are the most widely distributed, followed by basic–ultrabasic rocks, indicating a close relationship with the mafic–ultramafic intrusions [64].



Previous exploration efforts for Cu-Ni deposits have largely focused on the Huangshan-Jing’erquan rock belt, where three large and six medium-sized Cu-Ni deposits have been discovered and evaluated. The basic–ultrabasic rock belt in the central segment of the East Tianshan is similar to the Huangshan-Jing’erquan rock belt in the eastern segment, both belonging to the same East Tianshan ore-bearing basic–ultrabasic rock belt. Their petrological and petrochemical characteristics, emplacement ages, magma sources, and evolutionary features are comparable to those of the Huangshan-Jing’erquan belt. Building upon previous research, You Minxin et al. investigated the mineralization processes and geochemical characteristics of the magma source regions of the newly discovered Baixintan and Lubei deposits, located west of Shalong in the East Tianshan, further demonstrating the favorable metallogenic conditions and exploration potential of the area east and south of Huangshan in the East Tianshan [52].






4. Multi-Source Metallogenic Factor Feature Processing


4.1. Geochemical Characteristics


The Cu-Ni deposits in northwestern China can be classified into three deposit types: the Kalatongke-type magmatic Cu-Ni deposit in Xinjiang, the Huangshan-type magmatic Cu-Ni deposit in Xinjiang, and the Pobei-type magmatic Cu-Ni deposit in Xinjiang [65]. The Kalatongke-type and Huangshan-type Cu-Ni deposits are genetically similar [66], but differ in their distribution areas. In the tectonic domains dominated by the East and West Tianshan, particularly in the East Tianshan region, predicted geochemical element anomalies primarily consist of Cu, Ni, along with assemblages of Cr, Co, Ag, Ti, V, MgO, and Fe2O3. In contrast, the Pobei-type magmatic Cu-Ni deposits are mainly characterized by geochemical anomalies of Cu and Ni.



1. Selection of one-dimensional geochemical characteristics



In the process of selecting geochemical features, beyond the previously identified elements (Cu, Ni, Cr, Co, Ag, Ti, V, MgO, and Fe2O3), a correlation analysis focusing on Cu and Ni was conducted to further refine feature selection and ensure no potential information was overlooked. Spearman correlation coefficients were calculated for the standardized data, and a correlation coefficient matrix was plotted (Figure 7). The results indicate that Cu and Ni exhibit strong positive correlations with Co (0.76), Cr (Cu: 0.61; Ni: 0.72), and V (Cu: 0.81; Ni: 0.60)—elements typically enriched in mafic–ultramafic systems as compatible elements [67]. Their relationships with Fe2O3 (Cu: 0.78; Ni: 0.61) and Mn (Cu: 0.80; Ni: 0.66) further suggest co-migration and enrichment under similar reducing conditions or within common sulfide/mineral phases. The stronger correlations of Ni with Cr and MgO reflect its higher compatibility in olivine and chromite [68]. Conversely, elements representing felsic or siliciclastic components, such as SiO2 (with Ni: −0.45) and K2O (with Cu: −0.51), show significant negative correlations with these metals, highlighting their antagonistic relationship with evolved magmas or crustal materials.



Additionally, elements such as As, Li, P, Ti, and Zn exhibit moderate positive correlations with both Cu and Ni, potentially related to secondary hydrothermal activity or specific mineral carriers. The exclusive positive correlations observed—B only with Cu, and F and Nb only with Ni—suggest that their respective transport and precipitation processes involved different local fluid phases or accessory minerals. Accordingly, each of the 18 geochemical elements identified through this analysis was selected as an individual 1D geochemical feature for subsequent feature extraction.



2. Selection of two-dimensional geochemical characteristics



Through the aforementioned processing, treating single-element anomalies as 1D data rather than generating 2D images essentially constitutes a targeted extraction of features from strongly correlated elements, prioritizing these elements as key targets. Subsequently, processing these data to generate 2D representations aims to preserve the spatial anomaly relationships among the elements. Clustering analysis was performed on the extracted strongly correlated elements, classifying them into five groups based on the dendrogram (Figure 8). The elements were divided into five categories:



The first element assemblage (Cu, Ni, As, F, Cr) represents the metallogenic core associated with sulfide immiscibility and subsequent hydrothermal reworking. Regionally, this assemblage is closely related to the widely exposed mafic–ultramafic intrusions in the area. Cu and Ni are typically derived from partial melting of the mantle and become enriched during magmatic evolution due to sulfide immiscibility [69]. High Cr content indicates the presence of early crystallized minerals such as Cr-rich spinel. The association of As and F, on the other hand, suggests overprinting by later magmatic-hydrothermal or metamorphic fluids. These fluids may have leached volatiles and metals from the wall rocks (e.g., black shales or pyroclastic rocks in the region), leading to the remobilization and enrichment of sulfides [70].



The second assemblage (Zn, Mn, P, Co, B, MgO) reflects hydrothermal processes related to the alteration of ultramafic rocks. MgO and Co are characteristic components of ultramafic rocks, and their enrichment is directly associated with the alteration of olivine and pyroxene (e.g., serpentinization). Enrichment of Zn and Mn is typically accompanied by carbonatization, while B is a classic indicator element of hydrothermal activity. B tends to become significantly enriched in alteration zones, particularly during water-rock interaction with sedimentary rocks (e.g., clastic sediments or tuffs in the area) [71]. Anomalies in P may originate from the hydrothermal dissolution and reprecipitation of accessory minerals such as apatite. The development degree of this assemblage is often controlled by regional tectonic fracture zones, which provide pathways for hydrothermal fluid migration.



The third assemblage (Fe2O3, Ti, V, Nb, Li) indicates the fractional crystallization of Fe-Ti oxides during the late stage of magmatic evolution. The compatibility of Ti and V in magnetite and ilmenite makes them key tracers of early to middle stages of magmatic fractional crystallization [72]. Enrichment of total Fe2O3 directly corresponds to the accumulation of magnetite. As incompatible elements, Nb and Li gradually become enriched in the residual magma and are often associated with late-stage, volatile-rich pegmatitic phases. On a regional scale, the presence of this assemblage may suggest the existence of buried intermediate-acidic intrusions or layered intrusions at depth, whose fractional crystallization processes controlled the distribution pattern of regional Fe-Ti mineral resources.



K2O and SiO2, which form independent groups, serve as distinct geochemical boundary indicators. Their negative correlation with the ore-forming elements likely originates from the mafic–ultramafic intrusions in the area, as olivine websterite is characterized by low concentrations of SiO2 (36.41%–42.80%), CaO (0.78%–2.94%), Na2O (0.05%–0.41%), K2O (0.12%–0.64%), and TiO2 (0.18%–0.42%) [73].



From a geochemical statistical perspective, this classification aligns consistently with the elemental distribution patterns and genetic mechanisms of the Cu-Ni metallogenic system in the study area. For the three selected element groups, comprehensive anomaly maps were generated by calculating composite score coefficients. For K2O and SiO2, single-element geochemical anomaly maps were produced.



Following feature selection and preliminary screening of the raw data through correlation and cluster analyses, the raw data underwent feature condensation during processing. To preserve the overall distribution characteristics of the various geochemical elements in the study area, Principal Component Analysis (PCA), a commonly used dimensionality reduction technique, was applied to the 39 geochemical elements used in this study. PCA was performed on the data using the SPSS 27.0 data processing tool. The results indicated that five components were sufficient to represent the overall characteristics of the data. Consequently, the five extracted PCA factors were interpolated and visualized as raster images using geostatistical tools. These images, representing the correlational characteristics among data variables, capture the overall features of the data at this scale and add data constraints. A total of five such images were generated as 2D outputs representing inter-data constraints.



In summary, the processing of the geochemical data yielded a total of 18 types of 1D single-element geochemical data, 3 comprehensive geochemical anomaly maps (derived from element groups), 2 single-element geochemical anomaly maps (for K2O and SiO2), and 5 principal component analysis maps. This resulted in a total of 18 1D features and 10 2D features (Figure 9).




4.2. Geological Features


The fusion and integration of geological information are crucial for mineral prospectivity prediction [74]. Considering the geological characteristics of the study area, it was necessary to decompose the collected 1:2,500,000 scale geological data into distinct geological elements to construct a geological metallogenic model. First, 12 major geological periods, ranging from the Archean and Proterozoic to the Cenozoic, were selected as fundamental temporal units (Figure 10a). This classification aimed to establish a spatiotemporal framework for the study area and extract its spatiotemporal metallogenic characteristics. Second, the rocks were categorized based on their chemical properties. As the Cu-Ni deposits in the area are predominantly magmatic Cu-Ni-Co sulfide deposits closely related to the origin and differentiation degree of magma, the intrusions were classified based on rock type into seven categories: ultramafic, mafic, intermediate, volcanic, acidic, and alkaline rocks, with eclogite (representing high-pressure metamorphism) and ophiolite (with an affinity for Cu-Ni) treated as special geological bodies (Figure 10b). Third, the genetic types of rocks were determined, with key lithologies highlighted. The three major genetic types—igneous, sedimentary, and metamorphic rocks—were used as the background framework. Given that robust geological evidence and previous studies have unequivocally indicated a close genetic relationship between the Cu-Ni sulfide deposits in the area and mafic–ultramafic intrusions [75,76], this rock category was emphasized as a core predictive element. To achieve this, 17 specific rock types, including “peridotite,” “gabbro,” and “serpentinite,” were consolidated into a single “mafic–ultramafic rock” class based on their mineral assemblages. This consolidation served to narrow the feature space and, together with the three background genetic types, constituted a lithogenetic map comprising four main categories (Figure 10c). Ensuring that the metallogenic specialization is directly reflected in the feature space. Fourth, the characteristics of fault structures were quantified. As critical pathways controlling magmatic activity and hydrothermal fluid migration, fault systems directly govern the emplacement and spatial distribution of ore deposits. Therefore, spatial analysis techniques were employed to precisely calculate the distance from each gridded geochemical sampling point to the nearest fault zone (Figure 10d). This process transformed macroscopic fault structure information into a continuous distance variable applicable to each sample unit, thereby achieving quantitative extraction of the “fault-controlled mineralization” feature. Ultimately, this processing yielded a total of three sets of 2D geological maps (representing the temporal framework, geochemical background, and genetic-lithological associations) and one continuous 1D fault feature.




4.3. Geophysical Characteristics


Regional aeromagnetic maps serve as important references for tectonic division. Typically, significant blocky positive anomalies correspond to Precambrian cratons or large sedimentary basins, while strong negative anomalies are associated with active orogenic belts [77]. The 1:1,000,000 scale aeromagnetic data used for this study area are shown in the figure (Figure 11). High-value anomalies in the region, delineated by the Yamansu Island Arc as a dividing zone, primarily occur south of the Central Tianshan Massif and north of the Kangguer-Huangshan ductile shear zone. Notable magnetic anomalies, generally exceeding 150 nT, are observed in metallogenic belts such as Huangshan, Xiangshan, and Tudun. Additionally, extensive enrichment areas with values exceeding 200 nT appear in the Baixintan and Yueyawan regions. Highly negative anomalies, below −200 nT, exhibit a zonal distribution, primarily concentrated around the Yamansu Island Arc. The boundary between positive and negative anomalies within the area is relatively distinct. Known Cu-Ni occurrences are closely associated with these high aeromagnetic value areas. The aeromagnetic map was processed and subsequently used as 2D geophysical data input for the model.




4.4. Summary of Multi-Source Metallogenic Factors


Based on the systematic extraction and integration of the multi-source data described above, a multi-source metallogenic prediction factor system has been constructed. This system integrates three core data categories—geochemistry, geology and structure, and geophysics—with the aim of achieving more refined preprocessing of training features. As detailed in Table 1, within the geochemical dimension, single-element anomalies of 18 key elements (1D data) are used as the primary geochemical field response; five synthetic maps derived from principal component analysis preserve the overall distribution characteristics of the geochemical data; and element association anomalies (2D images) reflect the underlying mineralization processes. Specifically, these associations include: the Cu-Ni-As-F-Cr assemblage, representing the core metallogenic signal of sulfide immiscibility overprinted by hydrothermal activity; the Zn-Mn-P-Co-B-MgO assemblage, indicating hydrothermal alteration halos associated with ultramafic rocks; the Fe2O3-Ti-V-Nb-Li assemblage, representing magmatic differentiation; and K2O and SiO2, treated independently, characterizing geochemical boundaries unfavorable for mineralization.



In the geological and structural dimension, constraints are applied from three levels: the spatiotemporal framework, lithological background, and structural control. A spatiotemporal metallogenic evolution framework was established using 15 major geological periods. Favorable metallogenic geological settings were delineated based on rock chemical properties (ultramafic to acidic) and four lithogenetic types, with particular emphasis on the specialization of mafic–ultramafic rocks. Furthermore, by quantifying the distance from each sampling point to fault zones, the ore-controlling role of fault structures was transformed into a continuous variable suitable for model computation.



Within the geophysical dimension, aeromagnetic data (2D images) were incorporated, providing crucial geophysical evidence for identifying deep-seated concealed intrusions and structures.



This feature extraction framework achieves multi-source information fusion spanning “elements-rocks-structures-geophysical fields,” transforming a qualitative geological metallogenic model into a series of quantifiable spatial variables. This provides substantial support for constructing an integrated prospectivity prediction model driven by both data and imagery.





5. Results and Discussion


5.1. Training Process


Following the data preprocessing steps outlined above, two types of datasets were ultimately generated: 1D tabular data and 2D image data. The tabular dataset consists of 18 geochemical element features and one fault distance feature, resulting in a total of 19 features. The image data were uniformly processed into grayscale images in TIFF format, with original dimensions of 8763 × 2504 pixels. These images were overlaid and merged into multi-channel TIFF files, with each channel representing a specific feature variable. Subsequently, according to the previously defined grid division criteria, the entire composite image was cropped into 10,000 sub-images, each with dimensions of 50 × 43 pixels and 16 channels (with aeromagnetic data accounting for two of these channels). After removing sub-images without valid information, a final set of 7887 multi-channel sample images was retained, corresponding to the entries in the tabular dataset. To ensure alignment between the image and tabular data, a “name” column was added to the tabular dataset. This column stores the filename of the corresponding sub-image for each sample point, establishing a lookup index during the training process.



In supervised learning, the definition of labels determines the direction in which the network learns features. When constructing labels, it is essential to maintain a close relationship with the original data features while facilitating the derivation of desired outcomes. Labeled data are critically important for reducing generalization error [78,79]. In this mineral prospectivity modeling, sample labels were determined using a distance-interval partitioning strategy, rather than the traditional binary classification of deposit versus non-deposit. This strategy helps alleviate the sample imbalance issue to some extent. Spatial units closer to known deposits generally exhibit higher metallogenic potential, which aligns with the fundamental principle of mineralization intensity decaying with distance in metallogenic systems. In regional metallogenic prediction, known deposits themselves serve as the most direct indicators of mineralization, and their surrounding areas are often enriched with geological and geochemical features closely related to mineralization processes. Considering the scale of deposits in the area, six categorical labels were defined based on distance intervals: A (0–5 km), B (5–10 km), C (10–15 km), D (15–20 km), E (20–30 km), and G (30–40 km). Among these, categories A and B, exhibiting close spatial association with known deposits, were designated as positive samples. Categories C and D, representing an intermediate zone, were designated as ambiguous samples. Categories E and G, located at greater distances, were designated as negative samples. Experimental testing and combination revealed that the binary classification performed best when categories A and B were used as positive samples and categories E and G as negative samples. In deep learning, two challenges are widely encountered. One is the presence of outliers in the data, which can introduce errors during model training and practical application. The other is data imbalance, which can skew model performance and introduce bias [9,80,81]. First, grid-based extraction integrates information from multiple adjacent data points, reducing the impact of outliers to some extent. Additionally, the multi-modal processing approach effectively enhances the model’s robustness to noise. Second, to ensure data balance and enhance model robustness, 500 samples each were randomly selected from the positive and negative classes as training data for the model, with 80% used for training and 20% for testing. A batch size of 32 was used for each training iteration. A learning rate adjustment mechanism (ReduceLROnPlateau) and an early stopping mechanism were incorporated. Specifically, if the validation loss did not improve for 10 consecutive epochs, the learning rate was reduced by half, with a minimum learning rate constraint of 1 × 10−7. Training was halted if no improvement was observed for 40 consecutive epochs, ensuring model convergence and preventing overfitting.




5.2. Training Results


To validate the effectiveness of the multi-modal feature fusion method for mineral prospectivity prediction, a unimodal comparative experiment was designed as a baseline. This comparative experiment utilized the identical 1D dataset and labeling scheme as the multi-modal model. A classification model was constructed based on the Random Forest algorithm, with the number of decision trees set to 100, no limitation on tree depth, and performance evaluated using the Out-of-Bag (OOB) error. The training results, presented in Figure 12, show that the unimodal Random Forest model achieved a prediction accuracy of 92.4%. In comparison, the training results of the multi-modal feature fusion model are shown in Figure 13, where the prediction accuracy improved to 97%. Compared to the unimodal baseline, the multi-modal model demonstrated significant advantages across multiple evaluation metrics: accuracy increased by 4.6 percentage points, and notable improvements were also observed in the AUC value and ROC curve. Particularly noteworthy is that the confidence distribution and probability intervals of the model’s outputs were more concentrated and exhibited higher discriminative power, indicating that its sample ranking capability and decision reliability are significantly superior to those of the unimodal approach. This validates the superiority of the multi-modal feature fusion strategy for mineral prospectivity prediction.



The training process of the predictive model exhibits a characteristic three-phase dynamic, which clearly reflects the features of high-intensity regularization design and the collaborative learning of complex modules.



In the initial training phase (approximately epochs 1–50), several factors contributed to observed dynamics: multi-layer Dropout (40%–50%) randomly suppressed neurons during training, batch normalization was in its statistic accumulation phase, and the cross-attention and gating mechanisms were in a strategic exploration period following random initialization. This resulted in a systematic underestimation of training set accuracy, while the test set, utilizing the complete network, exhibited its potential performance but with significant fluctuations.



During the intermediate phase (approximately epochs 50–100), as the model progressively adapted to the regularization constraints, the attention and gating weights began to consolidate, and the optimization step size stabilized. Consequently, training and testing performance gradually aligned, and the amplitude of fluctuations decreased markedly.



In the later phase (after epoch 100), the model achieved a state of robust convergence, with training accuracy stabilizing at 98% and testing accuracy at 97%, maintaining a healthy generalization gap of approximately 1%. This outcome not only validates the role of the regularization mechanisms in safeguarding generalization capability but also demonstrates the ability of complex components, such as the attention and gating modules, to ultimately form a stable fusion strategy through adaptive learning.



Using the trained predictive model, prospective areas for Cu-Ni mineralization within the study region were delineated and evaluated (Figure 14). The prediction work primarily comprised two aspects: first, conducting prospectivity forecasting in the peripheries of four known mining districts to provide direction for subsequent exploration efforts at depth and in surrounding areas; second, delineating a total of seven mineral prospectivity zones in blank areas, among which three exhibit high mineralization potential, two exhibit moderate potential, and two exhibit low potential.



Peripheries of Known Mining Areas:



P-K-1: Tulaergen–Huangshan–Tudun Prospectivity Zone. Located in the southeastern part of Yiwu County and the northeastern part of Yizhou District, this zone is situated in the eastern segment of the Kangguer ductile shear zone. The predicted prospective areas generally exhibit an east–west trend. Influenced by the Kangguer and Yamansu faults, volcanic rocks and mafic–ultramafic intrusions are prominently developed within the area. Numerous Cu-Ni deposits, including Tudun, Erhongwa, Huangshan, and Tulaergen, have already been discovered [76,82,83,84], demonstrating their high exploration potential. Future exploration efforts should focus on the areas southeast of Tudun and southwest of Huangshan, which exhibit favorable metallogenic prospects.



P-K-2: Tianyu–Baishiquan Prospectivity Zone. Located in the southeastern part of Yizhou District and northern Dunhuang City, this zone lies in the eastern part of the Central Tianshan Massif and is controlled by the Aqikekuduke and Xingxingxia faults. It is separated from the Tulaergen-Huangshan-Tudun prospectivity zone by the Yamansu Island Arc (back-arc basin), which may account for the distinct gap between the two zones. Tianyu-Baishiquan, together with Huangshan-Tudun and others, belongs to the same Cu-Ni sulfide ore concentration area. The structural trend within this zone is consistent with that of P-K-1. Future exploration should be directed towards the west-southwest, where metallogenic prospects are considered favorable.



P-K-3: Mati Prospectivity Zone. Situated in the eastern part of Yizhou District, on the eastern margin of the Kangguer-Huangshan shear zone, this zone is controlled by the Kangguer Fault and exhibits well-developed intrusions. Prediction results indicate that future exploration should be directed southeastward, where the metallogenic potential is promising.



P-K-4: Baixintan–Yueyawan Prospectivity Zone. Located on the southwestern margin of the Junggar Block, this zone is recognized as an important exploration area in the East Tianshan by numerous researchers [54,85,86,87]. Aligned with the Dacaotan Fault, the overall trend is NWW. Exploration should be concentrated towards the central part of this zone. The intersection area west of Baixintan and south of Yueyawan, located at a bend in the Dacaotan Fault, is identified by prediction results as a promising target for potential mineral discoveries.



Prospectivity Zones in Unexplored (Blank) Areas:



P-U-1: Located in central Yizhou District, on the northern margin of the Kangguer Fault zone and the western margin of the Dacaotan Fault, this area contains scattered mafic–ultramafic intrusions. Bordering the Baixintan-Yueyawan metallogenic domain to the west and the Huangshan-Tudun domain to the east, it is highly probable that it shares a common origin with P-K-4 and P-K-5, consistent with the east–west trend of the overall metallogenic belt. It exhibits relatively high metallogenic potential.



P-U-2, P-U-3: These zones are situated at the junction of Subei Mongol Autonomous County and Guazhou County, southeast of the Xingxingxia Fault, at the convergence of the eastern Central Tianshan Massif and the Beishan Block. Volcanic rocks and mafic–ultramafic intrusions are well developed, and fault structures are densely distributed. These two prospectivity zones may share a common origin, exhibiting an overall west-southwest trend, and possess relatively high metallogenic potential.



P-U-4: Located at the junction of the southern Yizhou District and Ruoqiang County, at the convergence of the southern Central Tianshan Massif and the Beishan Block, this area is controlled by the western segment of the Xingxingxia Fault and the Kawabulak Fault. Mafic–ultramafic intrusions are well developed. Comparison with relevant data indicates the presence of significant Cu-Ni sulfide deposits in the area, such as Xuanwoling and Hongshishan [88,89], suggesting strong metallogenic prospects.



P-U-5, P-U-6: Located in eastern Shanshan County, within the Xiaorequanzi-Wutongwozi intra-arc basin, these zones are controlled by the Dacaotan and Kangguer faults. The Lubei Cu-Ni deposit lies to the west of P-U-5, and Yueyawan is to its northeast. Future exploration is speculated to hold significant potential in the northeastern direction. P-U-6 is inferred to be influenced by the Dacaotan Fault and may be cogenetic with the central part of the P-K-4 prediction zone. The metallogenic potential is considered favorable.



P-U-7: Located in the eastern segment of the Central Tianshan Massif, between the Xingxingxia and Aqikekuduke faults. Intrusions in this area are sparsely developed, and the distribution of high-probability prediction values is relatively scattered. This may be due to a weaker representation of various features within the area, leading to lower discriminative capability of the model. Further research is required, and the metallogenic potential is considered low to moderate.




5.3. Discussion


In this mineral prospectivity modeling, positive and negative samples were defined using distance interval partitioning. The prediction results exhibit strong geological spatial regularity (Figure 15). Statistical analysis of each predicted prospectivity zone (Table 2) reveals the following key characteristics: The predicted zones are strictly controlled by fault structures, being concentrated along regional major faults and their intersections, with mineralization trends generally consistent with fault strikes. In terms of rock assemblages, they exhibit a characteristic association predominantly composed of acidic intrusive rocks frequently accompanied by mafic–ultramafic rocks, revealing a specific linkage between deep magmatic activity and multi-stage magmatic-hydrothermal mineralization. Regarding the spatiotemporal framework, the model shows a marked preference for areas where geological bodies of multiple ages (particularly the Late Paleozoic and Meso-Cenozoic) are superimposed, indicating the contribution of prolonged, multi-stage geological evolution to the enrichment of ore-forming materials. In summary, the integrated characteristics captured by the model—“favorable structural setting + specific magmatic rock assemblage + superposition of multi-stage events”—are consistent with the ore-forming conditions summarized in previous studies of typical deposits. This demonstrates that the predictions are grounded in a solid geological foundation and exhibit good interpretability.



The predictive capability of any mineral prospectivity model fundamentally stems from the alignment between the multi-source information fusion strategy and the complexity of the geological metallogenic system. In the initial stage of the research, the model was trained using only geological maps and aeromagnetic images, achieving a prediction accuracy of 73% with persistently high loss function values. This indicates that a single information source is insufficient to adequately characterize the complexity of the metallogenic system. Subsequently, geochemical element association anomaly maps were incorporated to provide spatial distribution information of elements. The model accuracy subsequently increased to 86%, preliminarily confirming that the addition of geochemical features effectively compensated for the deficiencies of the original information dimensions. Following the further integration of principal component analysis maps, the model accuracy reached 97%, demonstrating the necessity of deep extraction and fusion of geochemical information.



The experimental results indicate that the stepwise improvement in model performance is significantly correlated with the introduction and enhanced processing of geochemical spatial information, supporting the importance of “multi-factor coupling” analysis in geological prediction. However, the current results do not yet allow for a rigorous distinction between performance gains primarily attributable to the complementary information inherent in the multi-source data itself and those arising from the successful implementation of knowledge-driven cross-modal fusion by the model architecture. The performance leap may be partially attributed to increased data diversity and optimized feature representation. Therefore, the high performance of the model more directly reflects the critical role of integrating high-quality, multi-dimensional datasets. Interpreting this performance as evidence of deep integration of specific geological concepts requires further, more detailed validation of the model’s internal information interaction mechanisms through subsequent ablation experiments and controlled variable studies.



The data used in this study include a 1:2,500,000 scale geological map reflecting the regional tectonic framework, 1:200,000 scale geochemical data revealing local anomalies, and 1:1,000,000 scale aeromagnetic data indicating ore-controlling information. This introduces the challenge of scale mismatch inherent in multi-source heterogeneous data. Although the current model fuses this information at a certain level through feature engineering and deep learning, the “confidence level” and “geological significance” of the information contained in data of different scales are hierarchical. For a given point, data from different scales may lead to variations in its attribute values, thereby affecting model feature extraction. This may be one reason why certain high-confidence areas in the current prediction probability maps still require geological screening. Furthermore, the generalizability of the model requires further testing to determine whether it can achieve satisfactory prediction results when applied to larger or smaller areas.



In future research, building upon multi-modal fusion, it will be necessary to refine the fusion of multi-scale information features. This involves first identifying the spatial characteristic signatures of different scales, enabling the model to “understand” and distinguish between regional ore-controlling factors and local prospecting indicators. Subsequently, comparative experiments on different multi-modal fusion strategies should be conducted to construct a high-precision metallogenic prediction model synergistically driven by both multi-modal fusion of multi-source exploration data and regional-local multi-scale information.





6. Conclusions


Building upon the current research paradigm of machine learning-based mineral prospectivity prediction driven by multi-source data, this study proposes an innovative multi-modal feature fusion model for metallogenic prediction. Focusing on magmatic Cu-Ni sulfide deposits in the Central Tianshan region, this study integrated regional geological, geochemical, and geophysical metallogenic factors. A dual-branch network combining a ResNet architecture with a Squeeze-and-Excitation (SE) attention mechanism and a Multilayer Perceptron (MLP) was constructed to extract features from different data modalities. A feature fusion module, designed with attention weighting and gating mechanisms, was employed to compress and reconstruct the feature vectors. Regarding the fusion strategy, the model adopts a multi-layer hybrid fusion approach, which not only concatenates features from different modalities but also preserves modality-specific information, thereby achieving deep fusion of cross-modal features. Applied to prospectivity prediction in this region, the model demonstrated superior performance compared to the unimodal baseline constructed using the Random Forest algorithm, validating the superiority of the multi-modal intermediate feature fusion strategy for this type of mineral prediction.



The successful prediction for the target mineral type enabled high-precision intelligent delineation of metallogenic prospectivity zones. Applying this model to Cu-Ni prospectivity prediction in the East Tianshan–Central Tianshan region resulted in the delineation of 11 prospectivity zones, including four areas peripheral to known deposits and seven greenfield areas. Coupling analysis of the prediction results with geological factors (Figure 14) revealed that all high-probability prospectivity zones strictly conform to established geological metallogenic regularities, characterized by predominant fault-controlled distribution, intrusive rocks and specific rock assemblages as the main hosts, and prolonged, multi-stage geological evolution as a prerequisite. Furthermore, relevant data confirm that several mineral occurrences have already been identified within some of the greenfield prospectivity zones predicted by this model. This confirms the practicality and reliability of the prediction results obtained from the multi-modal intermediate feature fusion learning model.



An interpretable and transferable multi-source data fusion framework has been established. The multi-source predictor system (Table 1), comprising “geochemical element associations–geological structures–geophysical fields,” upon which the model relies, along with the captured metallogenic geological regularities, demonstrates that this framework not only achieves data-driven prediction but also aligns deeply with regional metallogenic understanding. The results indicate that adequate extraction of metallogenic information is fundamental for obtaining reliable prediction outcomes [74], providing a referable technical pathway for the intelligent prediction of similar deposit types.



This study still has certain limitations, primarily concerning the refinement of the multi-scale data fusion strategy and the validation of the model’s regional generalizability. In the current mineral prospectivity framework, the effective coupling of metallogenic factors relies not only on the multi-modal synergy of multi-source data but also on the organic integration of data across different scales. While the multi-modal intermediate feature fusion model constructed in this paper can effectively learn from raw data across different modalities, maximally preserving the original characteristics of each data source, it has not yet achieved effective decoupling and fusion processing for the feature discrepancies exhibited by data of different scales within the same region. In other words, the model still lacks a targeted mechanism to address the information inconsistencies arising from scale heterogeneity. From the perspective of regional generalizability, the deep learning architecture and feature engineering workflow proposed in this study do not rely on region-specific geological prior knowledge. Instead, they are constructed based on a generic fusion strategy for multi-source data, such as geochemistry, geophysics, and remote sensing. These data types are generally accessible across various metallogenic belts both domestically and internationally, providing a technical foundation for the framework’s potential transfer to other regions. The key features identified by the model—such as structural intersections, geochemical anomaly assemblages, and geophysical field gradients—are common ore-controlling factors shared by multiple types of mineral deposits. Although geological settings vary across regions, the intrinsic relationships between these fundamental features and mineralization processes often exhibit cross-regional similarities. The adaptive mechanism of deep learning enables it to automatically adjust weights and feature combinations based on the data characteristics of a new region. Therefore, when transferring this framework to a new area, theoretically, only fine-tuning or retraining with local training data is required to adapt to the specific geological characteristics. However, systematic cross-regional validation experiments have not yet been conducted in the current study, and the effectiveness of transfer learning, as well as the interpretability of the model outputs, still require further examination. Subsequent research will focus on in-depth exploration of optimizing multi-scale data fusion mechanisms, as well as investigating the model’s generalization capability and geological interpretability across different metallogenic belts.
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Figure 1. Three fusion paradigms [28]. 
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Figure 2. Model Architecture Diagram. 
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Figure 4. Geological sketch of Baixintan (According to the survey report of the first geological brigade of Xinjiang). 
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Figure 5. Geological sketch of Lubei [57]. 
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Figure 6. Geological map of Huangshan–Jingerquan–Tulaergen area [63]. 1. Quaternary system; 2. Sandstone and mudstone of the Putao Gully Formation; 3. Volcaniclastic rocks of the Gandun Formation; 4. Diorite; 5. Quartz diorite; 6. Granite porphyry; 7. Copper–nickel occurrence; 8. Major fault. 
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Figure 7. Correlation coefficient matrix heat map. 
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Figure 8. Cluster analysis pedigree. 
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Figure 9. Summary of geochemical data processing. 






Figure 9. Summary of geochemical data processing.



[image: Minerals 16 00318 g009]







[image: Minerals 16 00318 g010] 





Figure 10. Selection of geological elements. (a) Spatiotemporal framework based on 12 major geological periods. (b) Lithological classification based on chemical properties (7 categories plus special bodies). (c) Lithogenetic map highlighting mafic-ultramafic rocks as core predictive elements. (d) Distance from each sampling point to the nearest fault zone. 
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Figure 11. Aeromagnetic image. 
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Figure 12. Unimodal baseline training results. 
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Figure 13. Multi-modal feature fusion training results. 
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Figure 14. Forecast results. 
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Figure 15. Overlay map of prediction area. 
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Table 1. Multi-source Data Extraction and Integration.
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Data Type

	
Ore-Controlling Geological Conditions & Anomalies

	
Metallogenic Prediction Factors

	
Feature Dimension

	
Features






	
Geochemistry

	
Single-element anomaly

	
As, Co, Cr, Fe2O3, Li, MgO, Mn, Ni, Cu, P, Ti, V, Zn, K2O, B, F, Nb, SiO2

	
1D

	
Major geochemical element anomalies




	
Principal Component Analysis

	
PCA1, PCA2, PCA3, PCA4, PCA50

	
2D

	
Extracting the overall features of 39 elements from the data level




	
Element association anomaly map (with K2O and SiO2 presented as single elements)

	
Cu, Ni, As, F, Cr

	
2D

	
Ore-forming core element assemblage of sulfide immiscibility overprinted by hydrothermal alteration




	
Zn, Mn, P, Co, B, MgO

	
Hydrothermal alteration element assemblage related to ultramafic rock alteration




	
Fe2O3, Ti, V, Nb, Li

	
Fractional crystallization of Fe-Ti oxide accessory minerals during magmatic evolution




	
K2O, SiO2

	
Distinct geochemical boundary indicators




	
Geological Structure

	
Age of diagenesis

	
15 major geological periods from the Archean to the Cenozoic

	
Constructing the spatiotemporal framework of the study area




	
Lithochemical classification

	
Ultrabasic, basic, intermediate, acidic, and alkaline rocks

	
Key to metallogenic geochemical background and element paragenetic association patterns




	
Genetic Rock Types

	
Igneous, sedimentary, metamorphic, and mafic–ultramafic rocks

	
Direct manifestation of metallogenic specialization in feature space




	
Quantification of Fault Structural Features

	
Distance to Faults

	
1D

	
Quantitative extraction of fault-controlled mineralization elements




	
Geophysics

	
Aeromagnetic Data

	
Aeromagnetic Data

	
2D

	
Physical magnetic characteristics











 





Table 2. Summary Table of Geological Background for the Prediction Zones.
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	Prediction Zone
	Acid-Alkaline Properties
	Lithogenesis Period
	Rock Properties
	Fault Distribution





	P-K-1
	Acidic rocks, with minor intermediate rocks
	Quaternary and Paleogene
	Predominantly sedimentary rocks, with sporadic magmatic and mafic–ultramafic rocks
	Between major faults, the predicted trend is parallel to the fault strike



	P-K-2
	Acidic rocks, with minor intermediate rocks
	Permian and Precambrian
	Predominantly magmatic rocks
	At the convergence of multiple regional faults, the predicted trend aligns with the fault strike



	P-K-3
	Acidic rocks
	Quaternary, Carboniferous and Paleogene
	Predominantly magmatic and mafic–ultramafic rocks
	Adjacent to a single major fault, the predicted trend is perpendicular to the fault strike



	P-K-4
	Acidic rocks
	Paleogene, Devonian, Quaternary and Permian
	Predominantly sedimentary rocks, with magmatic and mafic–ultramafic rocks
	At the convergence of multiple regional faults, the predicted trend aligns with the fault strike



	P-U-1
	Acidic rocks, with minor alkaline rocks
	Carboniferous and Paleogene
	Predominantly magmatic and mafic–ultramafic rocks
	Between major faults with multiple small faults, the predicted trend is perpendicular to the fault strike



	P-U-2
	Predominantly acidic rocks
	Quaternary and Permian
	Predominantly sedimentary and mafic–ultramafic rocks
	At the convergence of multiple regional faults, the predicted trend aligns with the fault strike



	P-U-3
	Predominantly acidic rocks
	Neogene and Quaternary
	Predominantly magmatic rocks
	Around a major fault, the predicted trend is consistent with the fault strike



	P-U-4
	Predominantly acidic rocks, with minor basic rocks
	Permian, Quaternary, and Neogene
	Predominantly magmatic rocks
	At the convergence of multiple regional faults, the predicted trend aligns with the fault strike



	P-U-5
	Acidic rocks
	Permian and Carboniferous
	Predominantly magmatic and mafic–ultramafic rocks
	In areas containing multiple small faults, the predicted trend is perpendicular to the fault strike



	P-U-6
	Acidic rocks
	Permian and Carboniferous
	Predominantly magmatic and mafic–ultramafic rocks
	At the convergence of multiple regional faults, the predicted trend aligns with the fault strike



	P-U-7
	Acidic rocks, with minor special geological bodies
	Neogene and Archean
	Sporadically distributed mafic–ultramafic, sedimentary, and magmatic rocks
	Convergence of multiple regional faults, a zone of superimposed faults
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