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Abstract 

This study contributes to the digital transformation of geosciences by integrating artificial intelligence into sediment 

characterization, a field traditionally dominated by manual and visual techniques. Quartz grains collected from onshore drilling 

in the Ivorian basin were first subjected to granulometric analysis and then to morphoscopic study. The resulting photographs 

formed a novel database used to train two neural network models: the Multilayer Perceptron (MLP) and the Convolutional Neural 

Network (CNN). The main objective was to automatically predict quartz grain color, thereby reducing subjectivity and improving 

reproducibility in sedimentological analyses. Three categories were identified: translucent, oxidized, and transparent. These 

chromatic distinctions provide key insights into geological history, mineral composition, and depositional environments, 

allowing for more refined reconstructions of physico-chemical conditions during sediment transport and deposition. Performance 

evaluation confirmed the feasibility of applying AI to sediment analysis. While both models produced satisfactory results, the 

CNN consistently outperformed the MLP, demonstrating greater robustness and accuracy. This highlights the suitability of 

convolutional architectures for image-based geological tasks. By combining traditional petrographic methods with advanced 

computational techniques, this research demonstrates the potential of automated sediment characterization and underscores the 

relevance of digital approaches in modern sedimentology. It opens new perspectives for reproducibility and contributes to the 

ongoing digital transformation of geosciences. 
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1. Introduction 

Quartz, an abundant mineral in sedimentary rocks, is fun-

damental to reconstructing depositional environments.. Its 

morphological characteristics and surface alterations allow us 

to trace sedimentary conditions, whether fluvial, marine, or 

aeolian. 

In Côte d’Ivoire, numerous sedimentological studies, including 

morphoscopic and exoscopic analysis of quartz grains in under-

standing sedimentary dynamics. For instance, [1] examined the 
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Ébrié Lagoon system, using morphoscopic methods to characterize 

depositional environments. Similarly, [2] demonstrated the rele-

vance of quartz morphoscopy in the Sassandra estuary, distinguish-

ing fluvial from marine inputs. Furthermore, [3] analyzed Mio-Pli-

ocene quartz grains in the Anyama region, contributing to the 

paleogeographic reconstruction of the Ivorian sedimentary basin. 

Globally, quartz morphoscopy has long been recognized as 

a powerful tool for sedimentological studies. In Europe, [4] 

pioneered the classification of quartz grains based on their 

morphology, while [5] demonstrated how surface textures dif-

ferentiate glacial from fluvial deposits. In North America, [6] 

emphasized the role of quartz morphoscopy in distinguishing 

desert from coastal environments. In Asia, [7] applied SEM to 

analyze quartz grains in fluvio-deltaic environments, while [8] 

confirmed the universality of morphoscopic approaches in 

Japanese coastal and fluvial deposits. In the Middle East, [9] 

highlighted the contribution of SEM-based morphoscopy in 

characterizing quartz grains from desert environments in 

Saudi Arabia. 

Against this backdrop, artificial intelligence (AI) defined as 

the ability of computer systems to autonomously perform 

complex tasks through learning, reasoning, pattern recogni-

tion, and decision-making offers new opportunities for sedi-

mentary geosciences. Already applied across multiple sectors, 

AI is increasingly used in geosciences to automate mineral 

recognition and classify depositional environments. The inte-

gration of artificial intelligence into morphoscopic analysis 

seeks to streamline this traditionally time consuming method 

by automatically predicting key parameters, such as quartz 

grain color. This convergence between sedimentary geology 

and digital innovation marks a significant advancement, open-

ing new perspectives for sediment characterization and foster-

ing geological research in Côte d’Ivoire and beyond. 

2. Materials and Methods 

The Ivorian sedimentary basin, formed during the opening 

of the Atlantic Ocean, extends from Sassandra in the west to 

Axim in Ghana in the east. It comprises both an emerged and 

submerged section. The onshore basin, a narrow coastal strip 

of Cretaceous–Tertiary age, covers approximately 8,000 km² 

(2.5% of the national territory), stretching 350 km in length 

and 40–50 km in width, bounded to the north by a shallow 

basement [10]. 

This terrestrial portion is divided into two domains: a north-

ern zone, characterized by shallow basement overlain by Con-

tinental Terminal deposits (clays, clayey sands, ferruginized 

sandstones), and a southern zone, filled with Quaternary de-

posits (continental clayey sands, marine sandy ridges, la-

goonal muds, and leached white sands). The two zones are 

separated by the Lagoon Fault, where several boreholes have 

been drilled. 

The quartz grain fractions obtained from grain-size anal-

yses of sandy sediments collected from boreholes drilled at 

Grand-Lahou, Dabou, Bingerville, Abidjan, Adiaké, and 

Aboisso constitute the primary data for this study. These loca-

tions are shown on the map in Figure 1. 

 

 
Figure 1. Origin of sand grains from boreholes. 

The study focused on sands with diameters ranging from 

300 to 250 µm [11], selected on the basis of granulometric 

analyses from previous investigations carried out in the on-

shore Ivorian basin. These earlier works examined sediments 

obtained from drilling in the aforementioned localities. To 

characterize the morphology and surface features of quartz 

grains shown in Figure 2, observations were conducted under 

a binocular microscope following the classification chart of 

[12] Particular attention was given to the coloration of the 

grains. For this purpose, the grains were dispersed on a black 

background, and photographs were taken under lateral illumi-

nation to highlight subtle chromatic variations. 
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For the chromatic analysis, a dataset of 1,764 quartz grain 

images was compiled and categorized into three classes: oxi-

dized, transparent, and translucent. This dataset served as the 

training base for two machine learning algorithms, namely the 

Multilayer Perceptron (MLP) and Convolutional Neural Net-

work (CNN). To ensure consistency in algorithmic processing, 

all images were standardized in both size and format prior to 

analysis. 

 
Figure 2. Roundness and sphericity estimate comparison chart. 

2.1. Digital Processing Methods for Quartz 

Grains 

The Python notebook employed for digital data processing 

was Jupyter, integrated within the Anaconda distribution. Ini-

tially, the required modules were imported into the Jupyter 

Notebook environment, and their installation was verified. 

When absent, the packages were installed using the command 

pip install. The libraries utilized in this study include: Scikit-

learn, Pandas, Matplotlib, NumPy, TensorFlow, and Keras. 

eural Network Algorithms Utilized. 

2.1.1. Multilayer Perceptron (MLP) 

The multilayer perceptron, also known as a feedforward 

neural network, represents the basic architecture of a deep 

neural network. It consists of at least one hidden layer of nodes 

in addition to the input and output layers. Each node in the 

hidden layers functions as a neuron, applying a nonlinear ac-

tivation function to enhance learning capabilities. Training 

samples are propagated forward through the network, while 

output errors are backpropagated to adjust the weights. Error 

minimization is achieved using the gradient descent method, 

which computes a loss function across all network weights 

[13]. 

2.1.2. Convolutional Neural Networks (CNN) 

Convolutional Neural Networks (CNN) are a class of arti-

ficial neural networks specifically designed for the processing 

of structured data such as images, videos, and audio signals. 

These networks rely on convolutional operations that capture 

local patterns within the input data. Convolutional layers are 

typically followed by pooling layers, which reduce the dimen-

sionality of the representation while preserving the most rele-

vant information. The principal layers of CNN include: 

1) convolutional layer (CONV): processes data within a re-

ceptive field to extract local features. 

2) pooling layer (POOL): compresses information by reduc-

ing the size of intermediate feature maps, often through 

subsampling. 

3) rectified Linear Unit (ReLU): applies a nonlinear activation 

function to introduce nonlinearity and improve learning ca-

pacity. 

4) fully connected layer (FC): functions as a perceptron layer, 

integrating extracted features for classification or regres-

sion tasks. 

5) loss layer (LOSS): computes the error between predicted 

and actual outputs, guiding optimization during training. 

The implementation of the convolutional neural network 

(CNN) follows a structured sequence of layers. First, the input 

images are preprocessed and normalized to ensure consistency 

across the dataset. The convolutional layers extract local fea-

tures from the receptive fields, while pooling layers reduce di-

mensionality and retain the most relevant information. Non-

linearity is introduced through ReLU activation functions, 

which enhance the learning capacity of the network. The fully 

connected layers integrate the extracted features to perform 

the final classification task. Finally, the loss layer computes 

the error between predicted and actual outputs, guiding the op-

timization process during training. Through this workflow, the 

CNN is able to learn discriminative patterns and apply them 

effectively to the classification problem addressed. 
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2.2. Data Processing 

The deep learning process in Keras consists of eight steps: 

loading data, preprocessing data, defining the model, compil-

ing the model, training the model, evaluating and predicting 

the model. 

2.2.1. Loading Packages and Data 

import tensorflow as tf 

from tensorflow.keras.utils import image_dataset_from_di-

rectory 

seed = 125 

img_size = (125, 125) 

train_data = image_dataset_from_directory( 

directory, 

labels="inferred", 

label_mode="int", 

color_mode="rgb", 

batch_size=32, 

shuffle=True, 

seed=seed, 

validation_split=0.3, 

subset="training", 

interpolation="bilinear", 

image_size=img_size 

) 

test_data = image_dataset_from_directory( 

directory, 

labels="inferred", 

label_mode="int", 

color_mode="rgb", 

batch_size=32, 

shuffle=True, 

seed=seed, 

validation_split=0.3, 

subset="validation", 

interpolation="bilinear", 

image_size=img_size 

) 

2.2.2. Data Preprocessing 

All images were normalized to values between 0 and 1 to 

minimize the effect of high pixel intensities, and the labels 

were converted into categorical vectors to facilitate classifica-

tion. 

Import tensorflow as tf 

from tensorflow.keras.utils import to_categorical 

normalise = tf.keras.layers.Rescaling(1./255) 

norm_train = train_data.map(lambda x, y: (normalise(x), y)) 

norm_test = test_data.map(lambda x, y: (normalise(x), y)) 

X_train, Y_train = next(iter(norm_train)) 

X_test, Y_test = next(iter(norm_test)) 

num_classes = len(train_data.class_names) 

train_Y = to_categorical(Y_train.numpy(), num_classes) 

test_Y = to_categorical(Y_test.numpy(), num_classes) 

2.2.3. Model Construction 

In Keras, sequential models are defined as a series of layers 

that are progressively added to the architecture. This approach 

allows for a straightforward construction of neural networks, 

where each layer transforms the input data before passing it to 

the next layer. 

(i). Construction of the MLP Model 

The Multilayer Perceptron (MLP) was implemented using 

Keras. The architecture consists of fully connected layers with 

ReLU activation functions and dropout regularization to reduce 

overfitting. The final output layer uses a softmax activation func-

tion, which is appropriate for multi-class classification problems. 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Dense, Activation, 

Dropout 

model = Sequential() 

model.add(Dense(1024, input_shape=(125*125*3,))) 

model.add(Activation("relu")) 

model.add(Dropout(0.2)) 

model.add(Dense(512, activation="relu")) 

model.add(Dropout(0.2)) 

model.add(Dense(120, activation="relu")) 

model.add(Dropout(0.2)) 

model.add(Dense(num_classes, activation="softmax")) 

(ii). Construction of the CNN Model 

The Convolutional Neural Network (CNN) was imple-

mented as follows. The architecture begins with convolutional 

and pooling layers to extract spatial features, followed by 

dropout regularization. The flattened feature maps are then 

passed through dense layers, with the final output layer using 

a softmax activation function for multi-class classification. 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Conv2D, MaxPool-

ing2D, Flatten, Dense, Dropout 

model = Sequential() 

model.add(Conv2D(32, (5,5), activation="relu", in-

put_shape=(125,125,3))) 

model.add(MaxPooling2D((2,2))) 

model.add(Dropout(0.3)) 

model.add(Flatten()) 

model.add(Dense(128, activation="relu")) 

model.add(Dense(num_classes, activation="softmax")) 

2.2.4. Compilation and Training of the Model 

Both models were compiled using the categorical crossen-

tropy loss function and the Adadelta optimizer, with accuracy 

selected as the evaluation metric. Training was conducted with 

different epoch settings (50, 100, and 150) to assess perfor-

mance stability and convergence. The best-performing config-

uration was retained for subsequent evaluation and prediction. 

Using categorical crossentropy ensures that the models are op-
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timized for multi-class classification, while the Adadelta opti-

mizer provides adaptive learning rate adjustments during 

training. 

model.compile( 

loss="categorical_crossentropy", 

optimizer="adadelta", 

metrics= ["accuracy"] 

) 

model.fit( 

norm_train, 

epochs=50, 

batch_size=32, 

validation_data=norm_test 

) 

2.2.5. Model Evaluation and Prediction 

After training, the models were evaluated on both the train-

ing and validation/test datasets to assess their performance. 

The evaluation provided the loss and accuracy metrics, which 

quantify the model’s predictive capability and generalization. 

Predictions were then generated on the test set to analyze the 

classification outcomes. This step ensures that the trained 

models are not only optimized for the training data but also 

capable of producing reliable predictions on unseen data. 

loss, accuracy = model.evaluate(norm_train) 

print("Training Loss: ", loss) 

print("Training Accuracy: ", accuracy) 

loss, accuracy = model.evaluate(norm_test) 

print("Validation/Test Loss: ", loss) 

print("Validation/Test Accuracy: ", accuracy) 

prediction = model.predict(norm_test) 

2.2.6. Confusion Matrix 

Precision =  
TP

TP+FP
           (1) 

The confusion matrix is an essential tool for evaluating the 

performance of a classification model. Two metrics, precision 

and recall, are fundamental. These two metrics are comple-

mentary and provide a more nuanced view of the model’s per-

formance. Equation (1), which defines precision, measures the 

proportion of correctly predicted positive cases among all pos-

itive predictions made by the model. In other words, it indi-

cates the reliability of positive predictions. Equation (2) pre-

sents recall, which measures the proportion of true positives 

correctly identified among all actual positive cases. It is a 

measure of the model’s ability to detect positive instances. 

Recall =  
TP

TP+FN
             (2) 

3. Results 

The colors of the quartz grains determined after analysis fall 

into three categories: oxidized (546 grains), translucent (613 

grains), and transparent (605 grains), for a total of 1,764 quartz 

grains. Figure 3 shows the photos of the three color classes, 

and the histogram in Figure 4 presents the number of samples 

obtained for each color class. 

 
Figure 3. Different colors of quartz grains. 

 
Figure 4. Histogram of quartz grain distribution by color. 

3.1. Classification of Quartz Grain Colors Using 

the MLP Algorithm 

In machine learning, accuracy and loss curves are com-

monly used to evaluate model performance. 

The model accuracy graph (Figure 5a) presents two curves: 

the blue one (training accuracy) and the dashed red line (test-

ing accuracy). The blue curve starts around 0.5 and rises 

quickly, stabilizing between 0.8 and 0.9, which indicates that 

 

Translucent 

Transparent 

Oxidized 
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the model learns effectively on the training data. The red 

dashed curve follows a similar upward trend but remains 

slightly lower, stabilizing around 0.8, showing that the model 

generalizes reasonably well to unseen data. The gap between 

the two curves suggests mild overfitting, though overall per-

formance remains satisfactory. The fluctuations observed in 

both curves imply that further optimization such as adjusting 

the number of epochs, dropout rate, or optimizer choice—

could improve stability. the model achieves a about 80% ac-

curacy on the test set, demonstrating solid learning capacity 

with room for refinement. 

The model loss graph (Figure 5b) shows that the model’s 

loss decreases rapidly during the initial epochs. The solid blue 

line (training loss) starts at a high value near 7, then drops be-

low 1 within the first few iterations and stabilizes at a low 

level. The dashed red line (testing loss) follows a similar trend, 

fluctuating slightly around the same low range. This rapid 

convergence and the stability of both curves indicate strong 

learning performance and good generalization ability, with no 

significant signs of overfitting. 

 
Figure 5. Accuracy curve (a) and loss curve (b) of colors (MLP). 

The Multilayer Perceptron (MLP), applied to the classifica-

tion of quartz grain colors, achieved an overall accuracy of 

0.8166, corresponding to a performance of 81.66% (Table 1). 

However, no grain was predicted with 100% certainty, indi-

cating the presence of residual confusions between classes. 

Oxidized grains were very well recognized, with a correct classifi-

cation rate of 99.37% and only 0.63% misclassification. Among 

the few errors, a single grain (0.63%) was incorrectly classified as 

translucent, while none were confused with transparent grains. 

Translucent grains were correctly identified in 78.46% of cases. 

Conversely, 21.54% were misclassified, including 96 samples 

(20.91%) confused with transparent grains and one sample (0.63%) 

with oxidized grains. For transparent grains, the correct classifica-

tion rate reached 59.66%, while 40.34% were misidentified. All er-

rors were concentrated in confusion with translucent grains, and no 

transparent grain was assigned to the oxidized class. 

Table 1. Confusion matrix of colors (MLP). 

Color Oxidized Translucent Transparent Total Recall 

Oxidized 160 0 0 160 89.88% 

Translucent 1 102 96 199 51.25% 

Transparent 0 28 142 170 83.35% 

Total 161 130 238 529  

Precision 99.37% 78.46% 59.66%   

 

http://www.sciencepg.com/journal/ijdsa


International Journal of Data Science and Analysis http://www.sciencepg.com/journal/ijdsa 

 

7 

 

3.2. Classification of Quartz Grain Colors Using 

the CNN Algorithm 

The examination of the model accuracy (Figure 6a) graph 

highlights a well-trained and efficient convolutional neural 

network (CNN). The blue curve (train) rises quickly, reaching 

an accuracy close to 90% before stabilizing. The red dotted curve 

(test) follows a similar trajectory and converges around 87–88%. 

The slight gap between the two curves indicates minimal overfit-

ting, confirming that the model generalizes effectively to unseen 

data. The convergence observed after epoch 60 shows that the 

training has reached maturity: the network has successfully ex-

tracted the relevant features without excessive adjustment. Ex-

tending the training beyond this point would likely yield no sig-

nificant improvement and could even increase overfitting. In 

summary, the stability and proximity of the curves demonstrate 

the robustness of the model, which achieves high accuracy while 

maintaining strong generalization capability. 

The loss curve (Figure 6b) demonstrates highly stable learn-

ing, with both the blue curve (train) and the red curve (test) 

decreasing smoothly without abrupt oscillations. The crucial 

point is that the red curve never rises again, which confirms 

that the model does not suffer from severe overfitting. The 

flattening of both curves around epoch 100 indicates that the 

model has reached its peak efficiency, making further training 

unnecessary. 

 
Figure 6. Accuracy curve (a) and loss curve (b) of colors (CNN). 

The Convolutional Neural Network (CNN), applied to the 

recognition of quartz grain colors, achieved an accuracy of 

0.8884, corresponding to a performance of 88.84%. This re-

sult represents a clear improvement compared to the Multi-

layer Perceptron. Oxidized grains were very well classified, 

with a correct classification rate of 99.37%. Only one grain 

(0.63%) was incorrectly classified as translucent, and none 

were confused with the transparent class. Translucent grains 

were correctly identified in 78.46% of cases, while 21.54% 

were misclassified. Among the misclassified translucent 

grains, 96 (representing 20.91% of the errors) were confused 

with transparent grains. For transparent grains, 59.66% were 

correctly classified and 43.34% were misidentified. Of these 

errors, 28 grains were classified as translucent. None were 

confused with oxidized grains (Table 2). 

Table 2. Confusion matrix of colors (CNN). 

Color Oxidized Translucent Transparent Total Recall 

 Oxidized 159 1 0 160 99.37% 

Translucent 1 149 49 199 74.87% 

Transparent 0 37 133 170 78.23% 

Total 160 187 182 529  
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Color Oxidized Translucent Transparent Total Recall 

Precision 99.37% 79.67% 73.07%   

 

3.3. Comparison of the Performance of the Two 

Algorithms for Color Classification 

It was observed that between the two neural networks, 

(MLP and CNN), used to predict the colors of quartz grains, 

the CNN proved to be the most effective, achieving an accu-

racy of 88.84% surpassing the MLP, which obtained 81.66% 

(Table 3). The detailed analysis shows excellent recognition 

of oxidized grains, with a classification rate close to 99.37% 

for both models. The main difficulties arise in distinguishing 

between translucent and transparent grains, where residual 

confusions persist. In conclusion, the CNN algorithm outper-

forms the MLP in terms of accuracy, stability, and generaliza-

tion. While the MLP provides acceptable results, the CNN 

proves to be the more robust and efficient choice for quartz 

grain color classification. 

Table 3. Performance of MLP and CNN for color classification. 

ACCURACY MLP CNN 

PERCENTAGE 81,66% 88,84% 

4. Discussion 

The automation of quartz grain color recognition using mul-

tilayer perceptron (MLP) and convolutional neural networks 

(CNN) has yielded significant performances, with accuracy 

rates of 81.66% and 88.84%, respectively. These findings con-

firm the relevance of deep learning approaches in sedimentol-

ogy and are consistent with several recent studies. 

In particular, [14] demonstrated that the application of deep 

neural networks to mineral discrimination (quartz, biotite, and 

K-feldspar) achieves high performance, provided that a large 

number of epochs and extensive datasets are employed. Their 

work emphasizes that increasing the number of training itera-

tions enhances the model’s ability to distinguish minerals with 

similar textures, while reducing the subjectivity inherent in 

traditional morphoscopic methods. Our results, which show a 

notable improvement in CNN performance at 100 epochs 

(88.84%), align closely with this observation. 

Furthermore, [15] showed that CNN-based models applied 

to digital sediment cores enable automated stratigraphic inter-

pretation with accuracy comparable to expert geologists. Sim-

ilarly, [16] confirmed that increasing the number of epochs 

and diversifying datasets strengthens the robustness of ma-

chine learning models in petrographic analysis. Along the 

same lines, [17] developed SandAI, a neural network trained 

on quartz sand grains, capable of reconstructing depositional 

histories, thereby demonstrating that artificial intelligence can 

advantageously replace traditional morphoscopy. 

Our results, which highlight excellent classification of oxi-

dized grains (nearly 99.37% accuracy), fit within this global 

trend. However, the persistent confusion between translucent 

and transparent grains reflects a challenge already noted by 

[18], who reported that closely related mineral textures often 

lead to misclassifications, even with well-trained CNN mod-

els. This underscores the importance of larger, more diverse, 

and better-labeled datasets, as emphasized by [19] and [13], to 

improve model generalization. 

Nevertheless, a high number of epochs may also result in 

overfitting, a phenomenon extensively documented by [14] 

and [19] Overfitting manifests as high accuracy on training 

data but reduced performance on test datasets. In our study, 

the confusion between translucent and transparent grains may 

partly be attributed to this issue. To mitigate such risks, strat-

egies such as dropout (already implemented in our models), 

early stopping to halt training when validation performance 

plateaus, and artificial data augmentation (rotation, brightness 

variation, noise addition) are recommended. 

This study therefore confirms that the integration of artifi-

cial intelligence into sedimentary geosciences represents a 

major advancement. The performance achieved by CNN 

demonstrates that convolutional architectures are particularly 

well-suited to recognizing chromatic features of quartz grains. 

In Côte d’Ivoire, this innovative approach paves the way for 

modernizing morphoscopic methods, reducing subjectivity, 

and enhancing reproducibility, while highlighting the neces-

sity of balancing the number of epochs with strategies to pre-

vent overfitting, as also demonstrated by [14-18]. 

5. Conclusion 

At the end of this study, which is part of the geological inno-

vation dynamic aiming to promote digital tools in sediment char-

acterization, the following points can be highlighted: 

1) the classification of quartz grain colors using Multilayer 

Perceptron (MLP) and Convolutional Neural Network 

(CNN) models proved effective. 

2) the evaluation of neural network model performance 

yielded excellent results. Grain colors were identified 

with performance rates exceeding 80%. 

3) •the CNN algorithm outperforms the MLP in terms of 

accuracy, stability, and generalization. The CNN proves 
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to be the more robust and efficient choice for quartz 

grain color classification. 
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