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Abstract Accurate determination of cocoa bean roasting levels is a critical factor in maintaining product quality during
cocoa processing. This study proposes a Hybrid Multi-Objective Golden Eagle Optimizer—Graph Convolutional Network
(HMOGEO-GCN) framework for classifying cocoa bean roasting levels (light, medium, and dark) using RGB digital
images. The proposed approach integrates a ResNet18-based convolutional neural network for feature extraction with multi-
objective hyperparameter optimization guided by the Golden Eagle Optimizer, while Graph Convolutional Networks are
employed to model population topology and enhance optimization convergence. The optimization process simultaneously
considers classification accuracy, computational complexity, and training time, resulting in a stable and computationally
efficient learning framework. Experimental evaluations were conducted using 10-fold cross-validation on a dataset of
roasted cocoa bean images, achieving a mean classification accuracy of 90.5%, an Fl-score of 0.913, and a macro-AUC
of 0.904, demonstrating consistent and reliable performance across validation folds. Visualization analyses, including
confusion matrices, ROC curves, and t-SNE feature projections, further confirm the strong discriminative capability of
the learned feature representations among roasting levels. Although antioxidant content is not directly measured in this
study, the proposed approach may serve as a preliminary tool to support roasting-level classification, which is commonly
associated with quality-related attributes in cocoa processing. Overall, the proposed HMOGEO-GCN framework provides
a robust, non-destructive, and efficient Al-based solution for intelligent quality assessment in cocoa roasting applications,
with potential applicability in precision agriculture and automated production systems.
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1. Introduction

Cocoa (Theobroma cacao L.) is one of the strategic agricultural commodities that plays an essential role in
the global economy as it is the primary raw material for the chocolate industry and its derivatives [1, 2]. As
tropical commodity, cocoa production is concentrated in West Africa, Latin America, and Southeast Asia, with
Cote d’Ivoire, Ghana, and Indonesia as the primary producers supplying more than 70% of the world’s demand
[3, 4]. The economic value of cocoa products depends on the processing methods used, which still rely on the
basic technology employed by small-scale farmers [5]. In addition to processing methods, the economic value
of cocoa products is influenced by microclimate and post-harvest processes, which affect cocoa’s aroma, flavour
and antioxidant content, including polyphenols and flavonoids [6]. There are several challenges in cultivating cocoa
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despite its enormous potential. The challenges faced by cocoa farmers include susceptibility to disease, global price
fluctuations, the impact of climate change on production quality, and a lack of understanding among cocoa farmers
regarding the post-harvest processing process [7]. The post-harvest processing, which involves roasting, is an
important aspect in maintaining product quality, including taste, aroma, and antioxidant content [8, 9]. Suboptimal
cocoa roasting results can damage the structure of the beans, aroma, and antioxidant content [10, 11]. Currently,
part of the cocoa bean roasting process still relies on manual observation by farmers, which is prone to bias and
inaccuracy [12, 13].

The antioxidant content of cocoa beans, including polyphenols, flavonoids and procyanidins, is important
[14, 15]. The molecular structure of these antioxidant compounds is illustrated in Figure 1. Conventional analytical
chemistry methods are limited in their ability to detect the antioxidant content of cocoa beans at different
roasting levels [16]. Well-known and widely used methods of analysis are high-performance liquid chromatography
(HPLC) and spectrophotometry. However, both methods have disadvantages, including the need for sophisticated
instruments, skilled personnel, and expensive supporting chemicals. This presents a challenge for many developing
countries that produce cocoa as a major commodity [17, 18, 19]. A new method using a hyperspectral imaging
approach, which is part of machine learning, offers a fast, cost-effective and environmentally friendly process for
predicting antioxidants from photographs of roasted cocoa beans [20].

Figure 1. Chemical Structure and HPLC Methods [14, 15].

Deep learning, a branch of machine learning, has made rapid progress, enabling highly accurate automatic object
recognition, particularly in agriculture [21]. The technique involves extracting visual characteristics from images of
roasted cocoa beans using a convolutional neural network (CNN) [22, 23]. However, the effectiveness of the CNN
model is greatly influenced by several hyperparameter-related factors, including network depth, learning rate and
batch size. Adjusting these parameters is time-consuming and requires significant computational resources [24].
To overcome these limitations, Graph Convolutional Networks combined with the Golden Eagle Optimiser (GEO)
have emerged as a CNN technique that is computationally efficient and highly accurate [25]. The Golden Eagle
Optimiser (GEO) is widely used in various fields of optimization and has produced promising results. However, the
integration of GEO with Graph Convolutional Networks (GCNs) requires further in depth study [26, 27, 28, 29, 30].

Several research results shown the latest advances in the application of CNNs, which have made significant
contributions using image-based classification processes in agriculture. For example, Muharromah et al. [31] and
Harvyanti et al. [32] successfully applied CNN architecture to identify diseases affecting cocoa and cocoa leaves.
The research by Baihaki et al. [33] conducted a comparative evaluation of several CNN models to detect leaf
infections in potatoes. Outside the field of agriculture, Utami et al. [34] studied the ability of CNN in infrastructure
inspection by detecting defects in railway beams through aerial images taken by quadcopter drones. In the
biomedical and signal processing fields, Safdar et al. [35] and Fang et al. [36] combined the CNN framework
with Fourier transforms to improve ECG signal interpretation by suppressing speckle noise in medical images.
Furthermore, Hu et al. [37] and Sedov et al. [38] explored neural network-based denoising strategies for radar signal
identification and nonlinear Fourier spectral analysis. Further research combining CNN with Fourier equations was
conducted by Han and Hong [39] using random convolution kernels, while Sedik et al. [40] integrated Fourier
Wavelet Transformations into an automatic fatigue detection framework.

This study focuses on CNN based automatic classification designed to recognise the roasting level of cocoa
beans and its relationship with antioxidant content. The deep learning technique used is the Hybrid Golden Eagle
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Optimiser (GEO), which is integrated with GCN with several adaptive hyperparameter adjustments aimed at
improving accuracy and producing an ef cient computational process.

2. Research Methods

The proposed framework comprises two integrated but conceptually distinct components: (i) a mathematical
formulation of the Hybrid Multi-Objective Golden Eagle Optimizer with Graph Convolutional Network
(HMOGEO-GCN) for hyperparameter optimization, and (ii) a CNN-based training and evaluation pipeline for
cocoa bean roasting classi cation. To enhance clarity, reproducibility, and scienti ¢ rigor, the mathematical
formulation of the optimizer is presented separately from the practical CNN training procedure.

2.1. Data Pre-processing and Augmentation

Prior to training, all RGB images of roasted cocoa beans were resized to 224 224 pixels to match the input
requirements of the ResNet18 architecture. To enhance model generalization and mitigate over tting, several data
augmentation techniques were applied during the training phase.

Speci cally, random rotation was performed within 15to account for variations in camera orientation.
Horizontal ipping was applied with a probability of 0.5 to simulate spatial variability. In addition, color jittering
was used with brightness, contrast, and saturation adjustment factors set to 0.1, and hue variation limited to 0.05.
These augmentation parameters were selected to introduce realistic illumination and color variability commonly
observed during cocoa roasting while preserving the essential color characteristics associated with different
roasting levels (light, medium, and dark), as applied in [41]. All augmentation parameters were kept consistent
across all folds during the 10-fold cross-validation to ensure fair and unbiased model evaluation.

2.2. CNN Architecture and Training Procedure

Feature extraction was performed using a ResNet18 backbone pretrained on ImageNet. The nal fully connected
layer was replaced with a three-class softmax classi er corresponding to the roasting levels (light, medium, and
dark).

Input images were normalized using standard ImageNet statistics:

x0= X ; =[0:485;0:456; 0:406]; =[0:229;0:224;0:225]: Q)

The CNN was trained using mini-batch stochastic gradient descent with an adaptive optimizer. The loss function
was categorical cross-entropy, de ned as:

IRANS
L= N Yic l0g(fhic ): 2

i=1 c=1

Training was conducted for a xed number of epochs per fold under a 10-fold cross-validation protocol. Dropout
regularization (p = 0:2) was applied before the nal classi cation layer to reduce over tting. Global average
pooling was employed to reduce spatial redundancy in the feature maps. Model performance was evaluated
using accuracy, macro Fl-score, and macro-AUC. Additionally, confusion matrices, ROC curves, and t-SNE
visualizations were used to analyze class separability and feature representation. Table 1 summarizes the CNN
architecture and key parameters employed in the proposed HMOGEO-GCN framework, using ResNetl18 as
the backbone network. The table details each major layer, including convolutional blocks, residual connections,
pooling operations, and the nal classi cation layers, along with their corresponding output dimensions. This
architecture enables effective extraction of hierarchical visual features from cocoa bean images while maintaining
computational ef ciency. The inclusion of dropout and global average pooling helps reduce over tting and
stabilizes training, making the network suitable for integration with multi-objective hyperparameter optimization.
The detailed CNN architecture used in this study is summarized in Table 1.
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Table 1. CNN architecture summary (ResNet18 backbone).

Layer Type Output Shape Details

Input RGB Image 224224 3 -

Convl Conv + BN + RelLU 112112 64 Kernel 7 7, s=2
MaxPool Pooling 56 56 64 Kernel 3 3, s=2
Layerl-4 Residual Blocks 565664!7 7512 Skip connections

AvgPool  Global Average Pooling 11512 -
Dropout  Regularization - p=0:2
FC Fully Connected 51213 Softmax Output

The HMOGEO-GCN optimizer operates in the hyperparameter space of the CNN model. Each candidate
solution x corresponds to a speci ¢ set of CNN training hyperparameters, including learning rate, weight decay,
dropout, and augmentation intensity.

For each candidate x, a short-run CNN training is performed on the training set, and validation performance
is used to compute the objective vector f(x). These objective values are then used by the HMOGEO-GCN
optimizer to update the population for the next generation. This iterative process continues until convergence or
a prede ned number of generations is reached. All experiments were conducted on a system with an Intel Core
i5 12th generation CPU, 64 GB RAM, and an NVIDIA RTX 5060 GPU (CUDA-enabled). Training was executed
on Google Colaboratory using a GPU-enabled Python 3.10 runtime. The deep learning framework was PyTorch
2.0+, with torchvision 0.15+ and timm 0.9+. Graph operations were implemented using PyTorch Geometric. All
experiments used xed random seeds to ensure reproducibility

2.3. Mathematical Formulation of the HMOGEO-GCN Optimizer

This section presents the theoretical foundation of the proposed Hybrid Multi-Objective Golden Eagle Optimizer
with Graph Convolutional Network (HMOGEO-GCN), which operates in the hyperparameter space of the CNN
model.

2.3.1. Search Space and Multi-Objective Formulation .
The decision vector is de ned as:

X = [log 1o(Ir); W gecay Scale; dropout; aug] 2 ; 3)

where denotes the feasible hyperparameter space.
The optimization problem involves three objectives:

f0) =(F 100:f 200;f 3(x)) ™ ; (4)

where:
f1(x) =1 Accuracy ,, (X); (5)
_Params(x) minParams
fa(0) = max Params min Params ©)
Time(x) minTime
f = . — : 7
39 max Time minTime )
A solution x, dominates x (denoted % x ) if:
fi(xa) j(xo); 8 and 9j:f;(xa)<f(xp): (8)
The Pareto optimal set is de ned as:
P =fx2 j@y2 sty xg: (9)
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For practical implementation, a scalar tness function is also de ned:

x x3
F(x) = w; T (x); w;, =1, (10)
j=1 j=1

with representative weights;w= 0:6, w, = 0:25, and wg = 0:15.

2.3.2. Chauotic Initialization .

To increase population diversity, initialization was performed using a 2D Arnold cat map iterated to generate
chaotic sequences, as de ned in Eq (11) [42, 75]

U _ 1 1 up .
Vi C 1 2 v mod 1: (12)

The sequence was resampled to match the dimensionality of and linearly mapped to the feasible bounds.

2.3.3. Golden Eagle Optimizer (GEO) .
For each candidate ) at generation t, the attack vector is de ned as:

A =x () x (); (12)

where x (t) is the best current solution.
The cruise component is:

Ci() =vi(t) proj A, ¢ (vi(t): (13)
A nonlinear decreasing weight function controls exploration-exploitation balance:

t

'M=! max (! max ! min) T (14)
The baseline GEO update is given by Eq (15) [43, 44]
XP+ 1) =x i)+ DA (O +cRit) C i); (15)

where R(t) is a random vector and denotes element-wise multiplication.

2.3.4. Graph Construction .

At each generation t, the population is represented as an undirected weighted graph G(t) = (V; E; W (t)), where
each node corresponds to a candidate solution [45].

Edge weights are computed using cosine similarity:

() = . hx (); x5 (O
W'J (t) =max O0; m (16)
Self-loops are added, and the adjacency matrix is normalized as:
A)=D 2 (W(@®+ND (17)
where D is the degree matrix.
2.3.5. GCN Propagation .
Let H© (t) = X(t) denote the initial node features. A two-layer GCN is applied as in Eq (18)
HO@® = ( AHH @ Ow O); (18)
z®=H @@®= AHH D OwW ©; (19)

where W and W) are learnable weight matrices.
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2.3.6. Hybrid GEO-GCN Update .
The GCN embedding is mapped to a guidance vector [46]:

G()= Norm(PZ (1)) +(1 )Norm(A i(1); (20)

where P projects embeddings to the search space and 2 [0; 1] balances GCN and attack direction (21).
The nal update rule is:

Xi(t+1) = xi@®+IOA i+ccRi®) C i)+ 4a®); (21)

where  ensures feasibility within .

2.4. HMOGEO-GCN Framework

To improve clarity and procedural understanding of the proposed optimization framework, the overall pipeline
of the Hybrid Multi-Objective GEO—-GCN (HMOGEO-GCN) architecture is presented in both a simplied ow
diagram, (see Algorithm 1 for the high-level pseudo-code and Figure 2 for the simplied ow diagram). The
framework consists of four main stages that operate iteratively in the CNN hyperparameter space. The process
begins with feature extraction from roasted cocoa bean images using the ResNet18 architecture to obtain rich and
discriminative spatial representations [47]. These representations serve as the basis for evaluating the performance
of different CNN hyperparameter con gurations during optimization. In the second stage, the optimization process
employs the Hybrid Multi-Objective Golden Eagle Optimizer (GEO) to search for optimal hyperparameters that
balance classi cation performance, model complexity, and training time. Each candidate solution corresponds
to a speci ¢ set of CNN training hyperparameters (e.g., learning rate, weight decay, dropout, and augmentation
intensity).The third stage incorporates a Graph Convolutional Network (GCN) to model topological relationships
among candidate solutions. A similarity graph is constructed based on cosine similarity between solutions, and
GCN-based message passing is applied to generate informative embeddings that guide the search process. This
graph-based interaction enables adaptive information exchange among candidates and accelerates convergence
toward high-quality solutions.

Finally, in the fourth stage, the updated candidate solutions are evaluated through short-run CNN training and
multi-criteria assessment. Performance is measured using accuracy, F1-score, and AUC, along with confusion
matrix and ROC curve visualizations to ensure empirical validity. The complete HMOGEO-GCN framework
integrated with CNN is illustrated in Figure 2.

Algorithm 1 High-Level Pseudo-Code of the HMOGEO-GCN Framework

Input: Search space , population size N, maximum generations T
Initialization: Generate fx; (0)gl, using chaotic initialization or uniform sampling
fort=0toT 1do
for each candidatexXt) do
Train CNN for a small number of epochs using hyperparametgts x
Compute objective vector f{Xt))
end for
Graph Construction: Build similarity graph using cosine similarity and k-NN
Normalize adjacency matri&l(t)
GCN Forward Pass: Compute embeddings Z(t) via GCN message passing
Guidance Computation: Compute guidance vector(f for each candidate
Hybrid Update: Update each x(t + 1) using the GEO—GCN rule
Selection / Archive: Optionally update external Pareto archive P and best solutifin-4)
end for
Output: Pareto front P or best scalar solution
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Figure 2. Flow Diagram of The HMOGEO-GCN optimization framework.

2.5. Performance Analysis

To comprehensively assess the performance of the proposed Hybrid Multi-Objective GEO—-GCN model for cocoa
roasting classi cation, several standard evaluation metrics were employed, including Accuracy, F1-Score, Area
Under the Curve (AUC), Confusion Matrix, Receiver Operating Characteristic (ROC) Curve, and Loss—Accuracy
Curves [48].

Accuracy = TP+TN
Y IP+TN+FP+FN
Precision Recall
Fl=

Precision + Recall

Area Under the Curve (AUC) A higher AUC value indicates better roasting class separation and better image
recognition performance [50]. Confusion Matrix provides an overview of the classi cation results for the three
roasting levels by comparing the predicted results with the actual results (light, medium, and dark) [49].

The ROC curve provides a balance between the True Positive Rate (TPR) and False Positive Rate (FPR) at
several decision threshold values [51]. In this study, the multi-class ROC curve was obtained through a one-vs-rest
approach, and the overall classi cation capability was expressed using the average AUC score.

The Loss and Accuracy curves illustrate the dynamics during the training and validation processes [52]. The loss
curve shows the effectiveness of the model in minimising classi cation errors based on epoch, while the accuracy

Stat., Optim. Inf. Comput. Vol. 16, August 2026



1832 COCOA BEANS ROASTING CLASSIFICATION HMOGEO AND GCN

curve represents the model's overall generalisation performance. These indicators provide a comprehensive
overview of the model's convergence, reliability, and overall prediction stability.

3. Result and Discussion

This section presents the experimental results and analysis of the proposed Hybrid Multi-Objective
GEO-GCN for cocoa roasting classi cation. The dataset consisted of 1,000 cocoa bean images equally distributed
across three roasting levels: Light, Medium, and Dark. A 10-fold cross-validation strategy was adopted to ensure
model generalisation and robustness. The general CNN architecture is shown in Figure 3. The Algorithm 1 used
in training the CNN model to solve the problem of cocoa bean roasting level classi cation:

Algorithm 2 Convolutional Neural Network for cocoa Roasting Level Classi cation

Input: Denoised cocoa bean roasting image (sizeH W C)
Output: cocoa bean roasting level label
Initialize CNN parameters ( lters, biases, learning rate)
for each epoch do
for each image batch in the dataset do
Perform Convolution with lter size k k
Apply ReLU activation function
Perform MaxPooling to reduce dimensions
Repeat convolution and pooling as needed
Flatten the resulting feature maps
Proceed to the Fully Connected Layer
Compute Output Probabilities using Softmax
Calculate Loss (e.g., Cross Entropy)
Perform Backpropagation to update parameters
end for
end for
Return: Class with the highest probability

Observation 1. Given a 1D shape space f(x) and a Iter h(u), where x is the input spatial coordinate and u is the
coordinate of the lter. The mask size h is m, and we assume m = 2a + 1. The output g(x) from the convolution
operation of function f with h is as follows.

xe
9(x) = h(u)f(x +u)

Proof:

suppose a = 1 with h(u) = f(x), then h(u) and f(x) have 3 elements.
h(uy= h(1) h(@) h(2)

fx)= f(x 1) f(x) f(x+1)

So that if h(u) and f(x) are operated on it becomes

g(x) =h(1) f(x 1)+h(0) f(x) +Ft,1(1) f(x+1)

Then the output g(x) with g(x) = L h(u) f(x+u)is proved to be true.

u=1
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