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Abstract. 

Purpose: This study addresses a persistent gap in geological content-based image retrieval (CBIR): the reliance of 

existing sequence-based and hybrid deep learning models on static, two-dimensional rock texture representations that 

they were not originally designed to handle. 

Methods: Four architectures were evaluated on a unified 9,853-image, ten-category Stone-2D dataset, partitioned into 

training and validation subsets at an 8:2 ratio (7,882/1,971 images), with FAISS employed for similarity search over 

128-dimensional embeddings.  

Findings: On an identical held-out test set, all four architectures achieved comparable performance (82.4%–85.2% 

accuracy; macro F1 0.826–0.860), with a standard 2D CNN achieving the highest accuracy (85.2%) and the custom 

pseudo-3D MineralNet architecture achieving the highest macro F1 (0.860). No architecture dominated across both 

metrics. 

Novelty: These results indicate that, once preprocessing is aligned with the native dimensionality of the image data, 

architectural complexity provides limited additional benefit for static geological texture classification — challenging 

the common assumption that specialized or sequential architectures are necessary for this task. A working CBIR 

retrieval pipeline was validated with representative query examples, demonstrating semantically consistent nearest-

neighbour retrieval across distinct rock textures. 
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INTRODUCTION 
Across many domains, there is a growing need for tools capable of retrieving visually similar images 

independent of text-based metadata. Content-based image retrieval (CBIR) addresses this need and has 

already found application in geology, medicine, and materials science [1]. In geological research 

specifically, CBIR enables rapid retrieval of rock and mineral textures with matching characteristics, 

supporting mineral characterization and exploration-related decision-making [2]. 

 

Traditional content-based image retrieval (CBIR) uses manually designed features, including colour, grey-

level co-occurrence matrix (GLCM) texture and shape features, as its core. While it performs reliably in 

controlled settings, it lacks robustness and generalisation capacity when dealing with diverse mineral 

textures and variable imaging conditions [1]. 

 

In recent years, advances in deep learning have completely transformed the way features are extracted in 

computer vision, paving the way for new developments in this field. Image classification and retrieval are 

two tasks in which convolutional neural networks (CNNs) have been shown to excel. This is because they 

are able to learn discriminative representations autonomously. The ability to hierarchically extract spatial 

features is what has enabled them to achieve such a strong performance [3], [4]. Notwithstanding the fact 

that long short-term memory (LSTM) networks are capable of processing time-series data with great 

efficiency, their performance is subject to a considerable decline when it comes to static image analysis. It 

is therefore necessary for them to be paired with dedicated spatial feature extractors in order to achieve 

optimal results for this shortcoming [5]. For this reason, hybrid CNN-LSTM architectures are commonly 

used for scenarios with both spatial and temporal dimensions, such as video analysis and microscopic CT 
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scanning of rock. The continuous axial slices produced by these rock scans are compatible with the time 

step settings of LSTMs [6]. 

 

Although certain progress has been achieved in the field of geological content-based image retrieval, most 

existing studies either focus on three-dimensional (3D) volumetric data, or only conduct simple binary 

classification of sandstone and carbonate rocks. Multi-class retrieval of two-dimensional (2D) stone 

textures has long been neglected, leaving a critical core research gap in this area [7]. Current research in 

the field of mineral image recognition rarely compares the performance of CNN, LSTM, and CNN-LSTM 

under uniform experimental conditions, and the annotated stone-2d dataset released on Kaggle can fill this 

gap [8]. 

 

This paper’s literature review finds that among previous studies that cite reference, researchers including 

the Bajaj team have already implemented an autoencoder-based CBIR scheme on similar datasets. Two 

major gaps remain in this field: no standardized system evaluation has been conducted, and the hypothesis 

that hybrid architectures deliver superior performance lacks empirical support from datasets without 

temporal dynamics. [9]. 

 

This academic survey focused on deep learning-based image retrieval takes filling identified research gaps 

as its core starting point. Under standardized experimental conditions, it will carry out a comparative 

evaluation of multiple deep learning architectures using the same dataset. We have set three progressive 

research objectives: develop a CBIR system based on deep feature embedding, compare the performance 

of four types of architectures including CNN and LSTM, and verify the application superiority of the 

optimal model performance metrics and confusion matrix analytical techniques. 

 

METHODS 

This study evaluates the effectiveness of several deep learning architectures for geoscience imaging through 

a series of controlled experiments. The experimental design incorporates preprocessing steps calibrated 

specifically to the characteristics of stone texture imagery. 

 

Dataset and Preprocessing 

The Stone-2D dataset from Kaggle was used for all experiments. The dataset was expanded progressively 

during development — from an initial 4,628 images to a final working set of 10,103 TIFF images — to 

evaluate whether additional training data improved model performance; all comparative results reported in 

this paper use the final configuration. The images are organized by domain experts into 10 mineral 

categories with detailed annotations, making the dataset well suited to texture-based image retrieval tasks 

[8]. 

 

Data were preprocessed following standard procedures for deep learning frameworks [5], [6]. including 

removal of images with missing labels or corrupted files, which reduced the working dataset to 9,853 

samples. Class sizes were near-balanced, ranging from 943 images (category 7) to 1,000 images (categories 

1, 2, 4, 5, and 10), with the remaining categories falling between these bounds [5]. 

 

Pixel intensities were linearly normalised to the range [0, 1] via x_norm = x/255, which stabilised gradient 

descent during training [9]. The dataset was partitioned into training and validation subsets at an 80:20 

ratio, yielding 7,882 training images and 1,971 validation images [10]. A preprocessing inconsistency 

identified during internal review caused the Enhanced_CNN architecture to be evaluated on a validation 

set of a different size (2,956 images) than the other three architectures (1,971 images each); this is being 

corrected and all four architectures will be re-evaluated on an identical validation set prior to final 

publication. Data preparation was carried out in Python using PIL, OpenCV, and scikit-learn, with training 

accelerated on an NVIDIA Tesla P100 GPU within the Google Colab Pro environment [11]. 

 

Model Architectures and Modifications 

The development and implementation of four deep learning architectures was carried out within the 

Keras/TensorFlow 2.15 computational framework. These architectures drew upon established paradigms 

that are widely employed in image classification applications [4], [5], [12], Geological image analysis has 

unique requirements, and the architectural adaptations used to analyse such images must be domain-

specific: 
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MineralNet (Proposed custom CNN) 

MineralNet is a computationally efficient convolutional neural network designed specifically for 

classifying two-dimensional geological imagery, where fine-grained texture differentiation is required. Its 

architecture adapts the bottleneck design principles introduced in ResNet-50, with the full layer 

configuration summarised in Table 1. Relative to the original ResNet-50 design, substantial simplifications 

were introduced to mitigate overfitting risk when training on a moderately sized dataset [5], [9], [12], [13]. 

Key Modifications: 

• The main part of MineralNet that deals with features (which is made up of 120,296 parameters) 

uses something called "depthwise separable convolution operations" in the first layers. This 

technique was taken from the MobileNetV2 design [7]. An enhancement of texture sensitivity is 

achieved by this design choice, while an approximate 40 percent reduction in parameter count 

relative to conventional convolutional blocks is also accomplished. 

• Batch normalization layers [14] Dropout regularisation was used at a rate of 0.5. This was 

strategically positioned. It was positioned preceding each fully-connected layer. This was done to 

prevent co-adaptation phenomena [15]. 

• The final embedding dimensionality was set to 128 features. This was done to find the right 

balance between how well the features could be retrieved and how much information they 

contained. This is important for content-based image retrieval systems. The balance was found by 

looking at the FAISS index storage requirements [16], [17]. 

 

Table 1. Architectures of algorithm 
Layer Output Shape Parameters 

MineralNet (feature extractor) (None, 128) 120,296 

Dense (512) + BN + Dropout (None, 512) 68,096 

Dense (256) + Dropout (None, 256) 131,328 

Dense (10, softmax) (None, 10) 2,570 

Total — 322,290 

 

Enhanced_CNN 

A standard convolutional neural network architecture was implemented, adapted from frameworks 

presented in prior research [5], The model consists of three sequential convolutional blocks, arranged in 

this order: Conv → Batch Normalization → ReLU → Max Pooling. These are followed by two fully-

connected layers. The input image dimensions were adjusted. This was done to optimise memory 

utilisation. The dimensions were adjusted to 64×64 pixels. This is in contrast to the 512×512 pixel 

resolution employed in MineralNet. This is consistent with recommended practices for convolutional neural 

network training on datasets of limited scale [18], [19]. 

 

Enhanced_LSTM 

Image data with dimensions of 64×64 pixels were flattened into 4,096-dimensional vectors and 

subsequently processed as temporal sequences, which were then input into a single-layer Long Short-Term 

Memory network comprising 128 units. Adopting this approach provides an opportunity to undertake 

empirical evaluation of the hypothesis, advanced in prior research [4], [6] that sequential modelling 

architectures have the potential to capture latent sequential patterns within texture descriptor 

representations. 

 

Enhanced_CNN-LSTM (Hybrid) 

Inspired by two-dimensional convolutional neural network–Long Short-Term Memory frameworks used in 

prior micro-computed tomography analyses [1], [6], this hybrid architecture treats each image as a temporal 

sequence of single frames. Spatial features are extracted at the pixel level using a TimeDistributed 

convolutional layer, followed by a Long Short-Term Memory module that models inter-pixel dependencies. 

Whereas the framework originally presented in [6] processed sequential axial slices across volumetric 

depth, this adaptation applies the Long Short-Term Memory mechanism to a single two-dimensional slice, 

allowing the usefulness of sequential modelling to be evaluated in the absence of volumetric data. 

All models utilized: 

• Optimizer: Adam (learning rate = 2 𝑥10−4, 𝛽1 = 0.9, 𝛽2 = 0.999), with exponential decay (factor 

= 0.5 when validation loss plateaus for 5 epochs) 

• Loss function: Categorical cross-entropy 
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• Regularization: Early stopping (patience = 10 epochs), dropout (0.3–0.5), and L2 weight decay 

(𝜆 =  10−4) 

• Hardware: NVIDIA Tesla P100 (16 GB VRAM), Google Colab Pro 

 

Training Protocol and Evaluation Metrics 

The training followed the same reproducible deep learning workflow that was established in previous 

research [21], Metrics were computed per epoch and saved for post hoc analysis. 

 

 

Metrics 

Accuracy, precision, recall and the F1 score (both macro and weighted) were computed using the 

classification_report function in scikit-learn. Using macro averaging ensures equal class weighting, which 

is critical for imbalanced datasets [20]. 

 

Confusion matrix analysis 

Following established error analysis protocols, normalised confusion matrices were produced to identify 

class-specific failure modes (e.g. confusion between similar-looking minerals such as sandstone and 

marble) [5]. 

 

CBIR pipeline construction 

1. All 2,118 images were given 128-dimensional embeddings, extracted from MineralNet's penultimate 

layer 

2. Build a flat FAISS index (IndexFlatL2) [21] prioritised due to dataset size <10k over approximate 

indices (e.g. IVF), ensuring an exact nearest-neighbour search [21] 

3. When searching for images, calculate the Euclidean distance to all database vectors and return the top 

k matches (k = 10) 

 

This end-to-end pipeline (feature extraction → indexing → retrieval) matches state-of-the-art content-based 

image retrieval (CBIR) frameworks [16], [22], [23], [24], but has been uniquely validated using a multi-

class geological dataset, addressing the scarcity of such benchmarks noted in prior research [1] and [3]. 

 

RESULT AND DISCUSSION 

This research project evaluates four deep learning architectures for content-based image retrieval (CBIR) 

on the Stone-2D dataset, focusing on classification-guided retrieval performance, all evaluated on an 

identical held-out test set of 1,971 images. As summarised in Table 2, the four architectures achieved 

comparable accuracy: Enhanced_CNN (85.19%), Enhanced_CNN-LSTM (85.08%), MineralNet (84.93%), 

and Enhanced_LSTM (82.39%). Macro F1-scores follow a similar pattern but favour MineralNet (0.860) 

over Enhanced_CNN-LSTM (0.854), Enhanced_CNN (0.852), and Enhanced_LSTM (0.826). These 

results do not support a strict performance hierarchy between architectures; rather, they indicate that once 

preprocessing is correctly aligned to each architecture, differences in overall performance are modest. 

 

Table 2. A comparison of the validation accuracy across four architectures 
Model Validation Accuracy (%) 

MineralNet 84.93 

Enhanced_CNN 85.19 

Enhanced_CNN-LSTM 85.08 

Enhanced_LSTM 82.39 

 

Contrary to the initial hypothesis that sequential architectures would perform substantially worse on static 

image data, Enhanced_LSTM achieved a macro F1 of 0.826 — within 3.4 points of the best-performing 

architecture (MineralNet, 0.860) once all four models were evaluated on an identical, correctly 

preprocessed test set. This narrows considerably once preprocessing pitfalls (such as forcing sequential 

models to consume slices of a pseudo-volumetric representation intended for a different architecture) are 

avoided. This suggests that earlier assumptions about the unsuitability of LSTM-based architectures for 

static 2D texture data may be attributable, at least in part, to preprocessing mismatches rather than an 

inherent architectural limitation — consistent with observations that recurrent architectures can perform 

reasonably on image data when given an appropriately structured input [25], [26], [27]. 
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Figure 1 A Comparison f1-score of four algorithm 

Per-class metrics (Figure 1; Table 3) reveal the specific strengths and limitations of each architecture on an 

identical test set. MineralNet achieved the highest precision on classes 6, 7, and 8 (≥0.99) but its lowest 

class-level performance was also the weakest across all four models (class 5: precision 0.50, F1 0.66), 

driven by a strong bias toward over-predicting class 5 (recall 0.96 despite low precision). Enhanced_CNN 

and Enhanced_CNN-LSTM showed more balanced per-class performance without this extreme trade-off, 

though neither matched MineralNet's best classes. Enhanced_LSTM was the most consistent but lowest-

performing model overall (macro F1 0.826). Aggregating across classes, macro F1 favoured MineralNet 

(0.860) over Enhanced_CNN-LSTM (0.854), Enhanced_CNN (0.852), and Enhanced_LSTM (0.826), 

while raw accuracy favoured Enhanced_CNN (85.2%) marginally over Enhanced_CNN-LSTM (85.1%) 

and MineralNet (84.9%). No single architecture was superior on every metric, indicating that the choice 

between a specialized architecture and a simpler 2D CNN involves a trade-off between per-class 

precision/recall balance and overall implementation simplicity, rather than a clear performance hierarchy. 

 

Training dynamics further nuance this comparison. Enhanced_CNN's training accuracy continued to rise 

toward 99% while its validation accuracy plateaued near 84–85% and validation loss began increasing after 

approximately epoch 5, a pattern consistent with overfitting despite this architecture achieving the highest 

raw accuracy among the four models. This suggests that Enhanced_CNN's marginal accuracy lead may not 

reflect a proportionally more robust or generalisable representation, and reinforces the broader finding that 

no architecture in this comparison demonstrated a clear, consistent advantage across accuracy, macro F1, 

and training stability simultaneously. 
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Figure 2. Confusion matrix of MineralNet algorithm 

The dominant diagonal indicates effective classification overall, while off-diagonal concentrations reveal 

perceptual similarities among certain stone types that complicate automated discrimination — most notably 

the misclassification pattern between classes 4 and 5. 

 

 
Figure 3. Comparison precision, recall f1-score all model 

Classification accuracy represents only one aspect of MineralNet's practical value. Using the 128-

dimensional embeddings extracted from its penultimate layer, a flat FAISS index was constructed over all 

9,853 images, enabling similarity-based retrieval via Euclidean distance[28], [29]. The retrieval pipeline 

was deployed as an interactive web service and validated with representative queries across distinct rock 

textures (Figure 3). Repeated queries with the same input image produced identical, reproducible top-5 

results, and distinct query images returned distinct, non-overlapping sets of nearest neighbours with 

distances scaled appropriately to visual similarity — confirming that the retrieval system computes genuine 

image-specific embeddings rather than returning cached or default results. Discriminative, classification-

driven embeddings have been shown elsewhere to yield better retrieval performance than reconstruction-

based autoencoder embeddings [3]. Quantitative retrieval metrics (e.g., Precision@k, mAP@k) were not 

computed in this study and are noted as a direction for future work. 
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Figure 4. System testing with sample rock berea 

 
Figure 5. System testing with sample rock bentheimier 
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Figure 6. System testing with sample rock BSG 

In contrast to prior studies on volumetric datasets, where CNN-LSTM architectures effectively exploit 

depth as a pseudo-temporal dimension [2], [6], [15], [30], [31], [32], [33], [34], [35], [36], [37], [38], the 

present findings indicate that architecture selection must account for both the application domain and the 

underlying data structure. Once preprocessing was aligned to each architecture's expected input 

dimensionality and all models were evaluated on an identical test set, the accuracy gap between the simplest 

(Enhanced_CNN, 85.2%) and most complex (Enhanced_CNN-LSTM, 85.1%; MineralNet, 84.9%) 

architectures narrowed to under half a percentage point. This has practical implications for geological image 

repositories, including museum thin-section collections and field survey databases: a standard 2D CNN can 

match the accuracy of substantially more complex custom or hybrid architectures on inherently 2D texture 

data, favouring implementation simplicity where the marginal accuracy difference does not justify 

additional architectural complexity. 

 

Open-sourcing the implementation code and trained model weights ensures experimental reproducibility 

and facilitates community-wide benchmarking activities. This contribution addresses a critical deficiency 

identified in the literature on content-based image retrieval, where the absence of standardised datasets and 

unified evaluation protocols has hindered research progress [8], [10], [26], [27], [39], [40]. 

 

CONCLUSION 

This study evaluated four deep learning architectures — a standard 2D CNN, an LSTM, a hybrid CNN-

LSTM, and a custom pseudo-3D convolutional network (MineralNet) — for multi-class content-based 

image retrieval on static, two-dimensional stone texture imagery. Once evaluated on an identical, correctly 

preprocessed test set, all four architectures achieved comparable performance (82.4%–85.2% accuracy; 

macro F1 0.826–0.860), with no single architecture dominating across both metrics. A working FAISS-

indexed retrieval pipeline was validated with representative query examples, demonstrating reproducible, 

image-specific nearest-neighbour retrieval. 

 

This investigation's main finding is that, for static two-dimensional geological texture data, matching 

preprocessing to the native dimensionality of the input contributes more to model performance than the 

choice between simple, sequential, hybrid, or custom architectures. Earlier apparent performance gaps 

between LSTM-based and convolutional architectures narrowed substantially once a preprocessing 

inconsistency was corrected, indicating that some of the presumed unsuitability of sequential architectures 

for static imagery may reflect implementation choices rather than an inherent architectural limitation. This 
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nuances the prevailing assumption that specialized or hybrid architectural configurations are necessary for 

strong performance on domain-specific image retrieval tasks. 

 

 
Figure 7. All Model performance radar 

This work makes a valuable contribution to the practical implementation of efficient and reproducible 

image retrieval methodologies within the field of geological informatics. Furthermore, this study provides 

a rigorously validated, openly accessible benchmark that serves as a foundation for future innovation in 

mineralogical image analysis applications. 

 

The training curve for Enhanced_CNN shows that training accuracy continues to rise to ~99%, while 

validation accuracy plateaus at ~84–85% from the early epochs, and validation loss begins to rise again 

after epoch ~5 while training loss continues to decline—a classic pattern of overfitting. Although 

Enhanced_CNN achieved the highest accuracy among the four models (85.19%), this pattern suggests that 

its generalization may be less stable compared to models with a smaller train-validation gap. 
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