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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 F1-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 AI-based solution for intelligent quality assessment in cocoa roasting applications,
with potential applicability in precision agriculture and automated production systems.

Keywords Cocoa Bean Roasting Classification, Convolutional Neural Network, HMOGEO, Graph Convolutional
Network, Computer Vision

DOI: 10.19139/soic-2310-5070-3188

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
Côte 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 efficient 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 classification. To enhance clarity, reproducibility, and scientific 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 overfitting, several data
augmentation techniques were applied during the training phase.

Specifically, random rotation was performed within ±15◦ to account for variations in camera orientation.
Horizontal flipping 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 final fully connected
layer was replaced with a three-class softmax classifier corresponding to the roasting levels (light, medium, and
dark).

Input images were normalized using standard ImageNet statistics:

x′ =
x− µ

σ
, µ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]. (1)

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

L = − 1

N

N∑
i=1

3∑
c=1

yi,c log(ŷi,c). (2)

Training was conducted for a fixed number of epochs per fold under a 10-fold cross-validation protocol. Dropout
regularization (p = 0.2) was applied before the final classification layer to reduce overfitting. Global average
pooling was employed to reduce spatial redundancy in the feature maps. Model performance was evaluated
using accuracy, macro F1-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 ResNet18 as
the backbone network. The table details each major layer, including convolutional blocks, residual connections,
pooling operations, and the final classification layers, along with their corresponding output dimensions. This
architecture enables effective extraction of hierarchical visual features from cocoa bean images while maintaining
computational efficiency. The inclusion of dropout and global average pooling helps reduce overfitting 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 224×224×3 -
Conv1 Conv + BN + ReLU 112×112×64 Kernel 7×7, s=2
MaxPool Pooling 56×56×64 Kernel 3×3, s=2
Layer1–4 Residual Blocks 56×56×64 → 7×7×512 Skip connections
AvgPool Global Average Pooling 1×1×512 -
Dropout Regularization - p = 0.2
FC Fully Connected 512→3 Softmax Output

The HMOGEO–GCN optimizer operates in the hyperparameter space of the CNN model. Each candidate
solution x corresponds to a specific 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 predefined 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 fixed 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 defined as:

x = [log10(lr), wdecay, scale, dropout, aug] ∈ Ω, (3)

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

f(x) = (f1(x), f2(x), f3(x))
⊤
, (4)

where:
f1(x) = 1− Accuracyval(x), (5)

f2(x) =
Params(x)−minParams
maxParams −minParams

, (6)

f3(x) =
Time(x)−minTime
maxTime −minTime

. (7)

A solution xa dominates xb (denoted xa ≺ xb) if:

fj(xa) ≤ fj(xb), ∀j, and ∃j : fj(xa) < fj(xb). (8)

The Pareto optimal set is defined as:

P∗ = {x ∈ Ω | ∄y ∈ Ω s.t. y ≺ x}. (9)
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For practical implementation, a scalar fitness function is also defined:

F (x) =

3∑
j=1

wjfj(x),

3∑
j=1

wj = 1, (10)

with representative weights w1 = 0.6, w2 = 0.25, and w3 = 0.15.

2.3.2. Chaotic Initialization .
To increase population diversity, initialization was performed using a 2D Arnold cat map iterated to generate

chaotic sequences, as defined in Eq (11) [42, 75](
un+1

vn+1

)
=

(
1 1
1 2

)(
un

vn

)
mod 1. (11)

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

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

Ai(t) = x∗(t)− xi(t), (12)

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

Ci(t) = vi(t)− projAi(t)
(vi(t)). (13)

A nonlinear decreasing weight function controls exploration-exploitation balance:

ω(t) = ωmax − (ωmax − ωmin)

(
t

T

)γ

. (14)

The baseline GEO update is given by Eq (15) [43, 44]

xbase
i (t+ 1) = xi(t) + ω(t)Ai(t) + ccRi(t)⊙ Ci(t), (15)

where Ri(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:

Wij(t) = max

{
0,

⟨xi(t), xj(t)⟩
∥xi(t)∥∥xj(t)∥

}
. (16)

Self-loops are added, and the adjacency matrix is normalized as:

Ã(t) = D−1/2(W (t) + I)D−1/2, (17)

where D is the degree matrix.

2.3.5. GCN Propagation .
Let H(0)(t) = X(t) denote the initial node features. A two-layer GCN is applied as in Eq (18)

H(1)(t) = σ(Ã(t)H(0)(t)W (0)), (18)

Z(t) = H(2)(t) = Ã(t)H(1)(t)W (1), (19)

where W (0) and W (1) 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]:

gi(t) = λNorm(PZi(t)) + (1− λ)Norm(Ai(t)), (20)

where P projects embeddings to the search space and λ ∈ [0, 1] balances GCN and attack direction (21).
The final update rule is:

xi(t+ 1) = ΠΩ (xi(t) + ω(t)Ai(t) + ccRi(t)⊙ Ci(t) + ηggi(t)) , (21)

where ΠΩ ensures feasibility within Ω.

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 simplified flow
diagram, (see Algorithm 1 for the high-level pseudo-code and Figure 2 for the simplified flow 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 configurations 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 classification performance, model complexity, and training time. Each candidate solution corresponds
to a specific 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 Ω, population size N , maximum generations T
Initialization: Generate {xi(0)}Ni=1 using chaotic initialization or uniform sampling
for t = 0 to T − 1 do

for each candidate xi(t) do
Train CNN for a small number of epochs using hyperparameters xi(t)
Compute objective vector f(xi(t))

end for
Graph Construction: Build similarity graph using cosine similarity and k-NN
Normalize adjacency matrix Â(t)
GCN Forward Pass: Compute embeddings Z(t) via GCN message passing
Guidance Computation: Compute guidance vector gi(t) for each candidate
Hybrid Update: Update each xi(t+ 1) using the GEO–GCN rule
Selection / Archive: Optionally update external Pareto archive P and best solution x∗(t+ 1)

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 classification, 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

TP + TN + FP + FN

F1 = 2× Precision × Recall
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 classification 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 classification 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 classification errors based on epoch, while the accuracy
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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 classification. 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 classification:

Algorithm 2 Convolutional Neural Network for cocoa Roasting Level Classification

Input: Denoised cocoa bean roasting image (size H ×W × C)
Output: cocoa bean roasting level label
Initialize CNN parameters (filters, biases, learning rate)
for each epoch do

for each image batch in the dataset do
Perform Convolution with filter 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 filter h(u), where x is the input spatial coordinate and u is the
coordinate of the filter. 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.

g(x) =

a∑
u=−a

h(u)f(x+ u)

Proof:
suppose a = 1 with h(u) = f(x), then h(u) and f(x) have 3 elements.
h(u) =

[
h(−1) h(0) h(1)

]
f(x) =

[
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) + h(1) · f(x+ 1)

Then the output g(x) with g(x) =
∑1

u=−1 h(u)× f(x+ u) is proved to be true.
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Figure 3. General CNN Architecture

Figure 4. RGB Extraction from cocoa roasting images

Observation 2. Given an image on the 2D plane f(x, y) and a filter h(u, v), where x and y represent the spatial
coordinates of the image, and u and v are the coordinates of the filter. The mask size h is m× n, and we assume
m = 2a+ 1 and n = 2b+ 1. The output image g(x, y) from the convolution operation of function f with h is as
follows.

g =

k∑
u=1

k∑
v=1

h(u, v) · f(x+ u, y + v)

Proof:
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Suppose a = 1 and b = 1 with h(u, v) = f(x, y), then h(u, v) and f(x, y) are 3× 3.

f(x, y) =

f(x− 1, y − 1) f(x− 1, y) f(x− 1, y + 1)
f(x, y − 1) f(x, y) f(x, y + 1)

f(x+ 1, y − 1) f(x+ 1, y) (x+ 1, y + 1)


h(u, v) =

f(−1,−1) f(−1, y) f(−1, 1)
f(x,−1) f(x, y) f(x, 1)
f(1,−1) f(1, y) (1, 1)


Then g(x) becomes

g(x, y) = h(−1,−1) · f(x− 1, y − 1) + h(−1, 0) · f(x− 1, y) + · · ·+ h(1, 1) · f(x+ 1, y + 1)

g(x, y) =

k∑
u=1

k∑
v=1

h(u, v) · f(x+ u, y + v)

So output g(x, y) with g(x, y) =
∑k

u=1

∑k
v=1 h(u, v) · f(x+ u, y + v) is proven true.

The representation of digital image conversion into RGB image of cocoa bean roasting level can be completed
by identifying datasets and classifying based on the characteristics of each dataset. The roasting type of cocoa
beans is classified into three classes: light roast, medium roast, and dark roast. As shown in Figure 4, the dataset
will be converted into the form of RGB images, which are then processed using the CNN algorithm to produce the
results of identifying the roasting level of cocoa beans.

The classification process begins by converting the input image into the numerical form of RGB (Red, Green,
Blue) components with a scale of 0 to 224, see Figure 4. The image processing is carried out according to the stages
in the CNN architecture. Each cocoa roasting image has a resolution of 224× 224× 3. The average RGB intensity
for each roasting level is given by:

Mean RGBLight = [190, 130, 85], Mean RGBMedium = [145, 92, 60], Mean RGBDark = [95, 60, 40].

All pixel values are normalized using:

x′ =
x− µ

σ
,

where µ = [0.485, 0.456, 0.406] and σ = [0.229, 0.224, 0.225].
For instance, for the red channel of a medium-level image:

R′ =
145/255− 0.485

0.229
= 0.356.

Hence, one normalized pixel vector is:

x′ = [0.356,−0.122,−0.441].

The normalised image is passed through the first convolutional layer (kernel 7× 7):

yi,j,k =

7∑
m=1

7∑
n=1

3∑
c=1

xi+m,j+n,c ·Wm,n,c,k + bk,

resulting in 64 feature maps of size 112× 112. The mean activation after ReLU is approximately 0.48. After the
four residual blocks of ResNet18, each image is represented by a feature vector:

f ∈ R512.
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The optimization vector is defined as:

x = [log10(lr), wdecay, scale, dropout, aug],

where each variable is optimised under a multi-objective fitness:

Fi = 0.6(1− Acci) + 0.25Compi + 0.15Timei.

Table 2 presents the initial population of HMGEO parameters.

Table 2. Initial Population of HMGEO Parameters

Individual log10(lr) wdecay scale dropout aug

P1 −3.5 0.002 1.0 0.20 0.50
P2 −4.0 0.001 1.2 0.30 0.60
P3 −3.0 0.005 0.8 0.10 0.40
P4 −3.8 0.0005 1.4 0.25 0.30

The cosine similarity between individuals is used to construct the adjacency matrix:

Aij = cos(xi,xj),

followed by normalisation
Ã = D− 1

2 (A+ I)D− 1
2 .

The GCN propagation rule is defined as:

H(l+1) = σ(ÃH(l)W (l)),

which generates the updated parameter population for the next generation.
After 2 generations, the optimal solution obtained was:

x∗ = [−3.8, 0.0008, 1.3, 0.22, 0.4].

The final classification probability for each class c is computed using the softmax function:

P (y = c|x) = ezc∑3
j=1 e

zj
.

Example output:
P = [0.86, 0.11, 0.03] ⇒ Predicted Class: Light.

The loss function is given by:

L = − 1

N

N∑
i=1

3∑
c=1

yi,c log(ŷi,c),

yielding a mean loss of L = 0.147. Table 3 shown the Performance Metrics

Table 3. Model Performance Metrics

Metric Value

Accuracy 90.5%
F1-Score (Macro) 0.891
AUC (Multi-class) 0.947
Optimal Learning Rate 1.58× 10−4

Dropout 0.22
Feature Dimension 512
Training Time (FAST Mode) ≈ 28 minutes
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Overall accuracy is computed as:

Accuracy =
294 + 280 + 290

956
= 0.905.

The accuracy over 100 epochs is shown in Table 4

Table 4. The accuracy score over 100 Epochs

Epoch Accuracy Loss

1 0.725 0.69
20 0.823 0.44
40 0.874 0.32
60 0.892 0.25
80 0.903 0.18

100 0.905 0.14

The accuracy score of this model shows a consistent increase in value over 100 epochs and reaches a
maximum accuracy value of 90.5%. The loss function decreases exponentially, indicating stable convergence of
the architecture, which proves the effectiveness of HMGEO-GCN hyperparameter optimization. In this study,
GCN facilitates structured population learning through graph-based connectivity, while HMOGEO maintains a
balance between accuracy, model complexity, and execution time, resulting in optimal performance in classifying
cocoa bean roasting results. The model contained approximately 11.2M parameters and required 1.8 GFLOPs
per inference. The dropout regularization layer (p = 0.2) helped prevent overfitting, while global average pooling
reduced spatial redundancy.The complete CNN architecture of the Hybrid GEO–GCN model is shown in Table 5

Table 5. CNN architecture and parameters used in the Hybrid GEO–GCN model (ResNet18 backbone).

Layer Type Output Shape Activation / Details

Input Input Image 224× 224× 3 RGB Cocoa Bean Image
Conv1 Convolution (7×7, stride=2) 112× 112× 64 BatchNorm + ReLU Activation
MaxPool Max Pooling (3×3, stride=2) 56× 56× 64 Spatial Downsampling
Layer1 2× BasicBlock 56× 56× 64 Residual Connection + ReLU
Layer2 2× BasicBlock 28× 28× 128 Stride=2, Doubles Channels
Layer3 2× BasicBlock 14× 14× 256 Residual Shortcut + ReLU
Layer4 2× BasicBlock 7× 7× 512 Deep Feature Representation
AvgPool Global Average Pooling 1× 1× 512 Reduces Spatial Dimension
Dropout Regularization Layer p = 0.2 Prevents Overfitting
FC Layer Fully Connected (Linear) 512 → 3 Softmax for 3-Class Classification
Output Prediction Layer [plight, pmedium, pdark] Softmax Probabilities for Roasting Level

The runtime profiler recorded average training times per fold and per generation, providing reproducibility
and performance monitoring across sessions. The problem of cocoa roasting level classification exhibits inherent
complexity due to gradual visual changes induced by thermal transformation processes, including variations in
color, surface texture, and structural patterns of cocoa beans. Consequently, feature modeling approaches must be
capable of capturing both local visual information and structural relationships among features in a comprehensive
manner.

CNN-based approaches augmented with geometric information (CNN + GEO) are generally effective in
extracting local spatial features; however, they remain limited in modeling higher-order relational dependencies
among features, particularly when inter-class differences are gradual, such as the transition from light to medium
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roasting levels. The additional geometric information primarily serves a descriptive role and does not explicitly
encode the structural relationships among features that emerge during the roasting process.

In contrast, the standalone use of Graph Convolutional Networks (GCNs) relies heavily on the quality of graph
construction and tends to be less effective in extracting fine-grained raw visual details, such as subtle texture
variations and color gradients that are critical for distinguishing cocoa roasting levels. Moreover, the dependence
of GCNs on predefined graph topology may constrain their flexibility in capturing continuous visual variations.

Based on these limitations, the approach adopted in this study is designed to integrate the strengths of CNN-
based visual feature extraction with more explicit relational modeling capabilities. This integration enables the
learned feature representations to effectively reflect both visual characteristics and structural relationships across
different cocoa roasting levels, thereby improving discrimination performance.

3.1. Performance Evaluation Across Folds

The results of the cocoa bean roasting level classification are shown in Table 6, which includes accuracy values, F1
scores, and AUC. The HMGEO–GCN model used produced an accuracy of accuracy of 90.5% ± 0.8, F1-score
of 0.913 ± 0.007, and a macro-AUC value of 0.904 ± 0.006. This demonstrates strong reliability and consistent
performance across 10 validation folds.

Table 6. 10-Fold cross validation performance

Metric Mean SD 95% CI
Accuracy (%) 90.5 0.8 [89.7, 91.3]
F1-score 0.913 0.007 [0.906, 0.920]
AUC 0.904 0.006 [0.898, 0.981]

Figure 5 shows the training and validation accuracy/loss curves for the best-performing fold. The convergence
pattern indicates stable optimization without signs of overfitting. Validation accuracy increased steadily, reaching
96%, while the loss function decreased smoothly throughout the training epochs.

Figure 5. Training and validation accuracy/loss curves for the best fold.

3.2. Confusion Matrix, ROC Analysis, and Feature Representation

Figure 6 illustrates the confusion matrix and multi-class ROC curves. Most misclassifications occurred between
Medium and Dark roasting levels, reflecting their overlapping chromatic intensity in the RGB spectrum.
Nevertheless, the model achieved nearly perfect discrimination among all classes, with macro-average AUC
exceeding 0.97.
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(a) Confusion Matrix HMOGEO-GCN (b) ROC best Fold HMGEO-GCN

Figure 6. Confusion matrix and multi-class ROC curve of the proposed HMOGEO–GCN model.

The separability of deep CNN features was visualised using t-SNE, as shown in Figure 7. Distinct clusters were
observed for each roasting level, confirming that the ResNet18 feature extractor effectively captured spectral and
textural patterns related to roasting degree.

Figure 7. t-SNE visualisation of CNN extracted features from cocoa roasting images.

Figure 7 presents a two-dimensional visualization of the deep feature space extracted by the ResNet18 backbone
using t-distributed Stochastic Neighbor Embedding (t-SNE), a nonlinear dimensionality reduction technique that
preserves local neighborhood structure while revealing the global organization of high-dimensional representations
in a low-dimensional manifold [55]. Each point in the projection corresponds to an individual cocoa bean
sample, while different colors denote the three roasting levels (light, medium, and dark). The visualization
provides qualitative evidence regarding the separability, compactness, and structural organization of the learned
representations in the high-dimensional embedding space.
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From a representation learning perspective, the t-SNE projection reveals three well-formed and spatially distinct
clusters, indicating that the CNN encoder effectively captures discriminative visual patterns associated with
progressive thermal transformations during roasting. The relatively large inter-cluster distances suggest that the
latent features corresponding to different roasting levels are highly separable in the learned manifold, which is
consistent with the strong classification performance reported in Table 6. This behavior aligns with prior findings
that well-trained deep networks tend to form compact class-specific clusters in latent space when discriminative
features are effectively learned [56]. The observed separation implies that the model does not rely merely on
superficial color differences but has internalized more structured and meaningful visual cues, such as texture
granularity, surface roughness, and gradual chromatic transitions induced by heat exposure. These observations
indicate that the learned feature space is highly discriminative, in which samples from different roasting levels
occupy distinct regions of the latent manifold, thereby facilitating reliable class separation by the classifier.

Within each cluster, the points exhibit high intra-class compactness, particularly for the light and dark roasting
categories. This compactness indicates low within-class variance in the learned representations, reflecting that
the model consistently encodes similar feature patterns for samples belonging to the same roasting level. Such
behavior is desirable in classification tasks, as it suggests robust feature stability across variations in illumination,
orientation, and minor surface heterogeneity introduced by the augmentation process. Previous studies have shown
that low intra-class variance in t-SNE space is often associated with improved generalization and feature robustness
in CNN based classifiers [57].

The medium roasting cluster appears slightly more dispersed and partially positioned between the light and dark
clusters. This observation aligns with the physical nature of the roasting process, where medium-roasted beans
exhibit intermediate visual characteristics that overlap with both lighter and darker stages. The partial overlap and
increased spread of this cluster highlight the inherent ambiguity of the medium class and justify the small number
of misclassifications observed between medium and dark categories in the confusion matrix (see Figure 6). This
result supports the hypothesis that the classification difficulty is not a model limitation per se but rather a reflection
of the continuous and gradual nature of the roasting transformation, a phenomenon frequently observed in tasks
involving progressive physical changes [58]. The clear separation observed in the t-SNE space is consistent with
the high macro-AUC and F1-score reported in Table 6, further confirming that the CNN backbone, optimized via
HMOGEO–GCN, learns well-structured and separable feature representations.

Importantly, the clear global structure of the embedding space suggests that the HMOGEO–GCN optimization
strategy contributes to the stability and organization of the learned representations. By guiding hyperparameter
selection through graph-based population modeling, the optimizer likely encourages more consistent and smooth
feature manifolds across training folds. This is reflected in the coherent clustering pattern rather than fragmented
or overlapping distributions that are commonly observed in suboptimally trained CNN models.

Overall, the t-SNE visualization corroborates the quantitative evaluation results by demonstrating that the
proposed HMOGEO–GCN framework enables the ResNet18 backbone to learn semantically meaningful, well-
structured, and discriminative representations of cocoa bean roasting levels. The observed cluster topology provides
additional empirical support for the effectiveness of the integrated CNN–GCN optimization pipeline in capturing
both local visual details and higher-order relational patterns in the data.

3.3. CNN Architecture and Computational Complexity

To investigate the individual and combined contributions of the Golden Eagle Optimizer (GEO) and Graph
Convolutional Network (GCN) components within the proposed Hybrid Multi-Objective GEO–GCN (HMOGEO–
GCN) framework, an ablation study was conducted. The objective of this analysis is to clarify the role of each
component and to explain why conventional CNN-based optimization strategies relying on GEO or GCN alone are
insufficient for robust hyperparameter optimization, particularly in high-dimensional and multi-objective search
spaces [59, 60].

All experiments were performed using the same dataset consisting of 1000 cocoa bean images categorized
into three roasting levels (light, medium, and dark), following a 10-fold cross-validation protocol. Identical data
preprocessing steps, CNN architecture (ResNet18), evaluation metrics, and computational environments were
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maintained across all configurations to ensure a fair and unbiased comparison, consistent with best practices in
comparative deep learning studies [61, 62]. Table 7 reports the performance of three representative configurations:

• CNN + GEO: A population-based optimization strategy that employs the Golden Eagle Optimizer for CNN
hyperparameter tuning without explicitly modeling relationships among candidate solutions [63].

• CNN + PSO: A classical swarm intelligence baseline that optimizes CNN hyperparameters using Particle
Swarm Optimization, which has been widely adopted in deep learning optimization tasks [64, 65].

• CNN + HMOGEO–GCN (Proposed): The full framework integrating multi-objective GEO with GCN-
based population topology modeling to enhance information exchange and convergence behavior [66, 67,
68, 69].

Table 7. Performance comparison of different optimization strategies for cocoa bean roasting classification

Method Accuracy (%) Macro F1-score Macro AUC Training Time (s)
CNN + GEO 86.22 0.881 0.869 15.6
CNN + PSO 88.13 0.894 0.886 17.4
CNN + HMOGEO–GCN (Proposed) 90.54 0.913 0.904 20.3

As shown in Table 7, the proposed HMOGEO–GCN framework achieves the best overall performance, attaining
an accuracy of 90.54%, a macro F1-score of 0.913, and a macro AUC of 0.904. Compared to CNN+GEO, the
integration of GCN-based population modeling yields an absolute accuracy improvement of 4.32%, along with
consistent gains in both F1-score and AUC. Although CNN+PSO provides better performance than CNN+GEO by
enhancing exploration through velocity-driven swarm dynamics, it still lacks an explicit mechanism for structured
information exchange among candidate solutions, as similarly reported in recent metaheuristic optimization studies
[70, 71].

From a mechanistic perspective, CNN+GEO alone relies on stochastic population updates without explicitly
capturing the similarity or relational structure between candidate hyperparameter configurations. This limitation
may lead to redundant exploration and less stable convergence behavior, particularly in complex multi-objective
optimization scenarios [59]. Conversely, while GCNs are effective in modeling relational structures and topological
dependencies, they are not optimization algorithms and do not inherently provide the exploration–exploitation
dynamics required for adaptive hyperparameter search [72]. Therefore, GCN-based modeling alone cannot guide
the population toward optimal solutions without being coupled to an evolutionary optimizer.

By integrating GEO with GCN, the proposed HMOGEO–GCN framework addresses these limitations by
combining global exploration capabilities with graph-based information sharing. The GCN component enables
candidate solutions to exchange information based on their topological relationships, thereby improving population
stability and convergence consistency, as supported by recent advances in graph-enhanced optimization methods
[73, 74]. Although this integration results in a moderate increase in training time compared to CNN+GEO and
CNN+PSO, the substantial improvement in classification accuracy and robustness across validation folds justifies
the additional computational cost. Overall, the ablation results confirm that the synergistic integration of GEO and
GCN is essential for achieving stable, efficient, and high-performing optimization in cocoa bean roasting level
classification.

3.4. Practical Implications and Limitations

The findings of this study demonstrate substantial practical relevance for cocoa processing and product formulation
through image-based classification associated with antioxidant-related characteristics. By implementing the
proposed HMOGEO–GCN framework, cocoa bean roasting levels can be automatically identified with a high
degree of precision. Roasting intensity plays a critical role in determining the concentration of antioxidant
compounds, including polyphenols, procyanidins, catechins, and epicatechins, which are known to undergo thermal
degradation as roasting temperature and duration increase [53, 54].
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By integrating the automatic roasting-level classification results obtained from HMOGEO–GCN with chemical
antioxidant indicators, the cocoa industry can establish a meaningful relationship between the RGB colour
characteristics of roasted cocoa beans and antioxidant properties, such as total polyphenol content (TPC), as
reported in previous studies. This integration provides a foundation for future research aimed at identifying optimal
roasting conditions that preserve antioxidant content while maintaining desirable flavour profiles.

From an industrial perspective, the proposed framework can be embedded within cocoa processing lines using
RGB-based cameras and optical sensors, enabling real-time monitoring and adaptive control of roasting parameters,
including temperature and processing time. Such an approach supports intelligent process automation and enhances
consistency in product quality.

Nevertheless, it is important to clarify that the relationship between roasting levels and antioxidant content
discussed in this study is inferred from established literature rather than direct chemical measurements. The
HMOGEO–GCN model is primarily designed for visual-based roasting classification, while antioxidant-related
interpretations are presented as potential downstream applications. Future work will explicitly incorporate chemical
assays, such as total polyphenol content and DPPH radical scavenging analysis, to quantitatively validate and
strengthen the linkage between visual roasting characteristics and antioxidant properties.

4. Conclusion

This study successfully demonstrated that HMOGEO-GCN is capable of effectively and optimally classifying the
roasting level of cocoa beans using RGB-based digital images. By utilising the ResNet18 architecture for feature
extraction with HMOGEO’s GCN-enhanced optimization capabilities, this model achieved superior consistency
and precision compared to traditional learning approaches. The experimental results shown that the proposed
method effectively distinguishes between three roasting categories (light, medium, and dark) while achieving high
prediction performance on key evaluation metrics, including accuracy, F1 score, and AUC.

Furthermore, the study reveals a strong potential correlation between the roasting levels identified by the system
and changes in phenolic compound content and antioxidant activity, as reported in food chemistry literature.
Thus, this approach contributes to advancing computer vision in food processing and provides a scientific
basis for automating the roasting process to maintain cocoa’s bioactive quality. While the results obtained
demonstrate promising performance, there is still scope for further development. Firstly, it is recommended
that future research integrates spectroscopy data (NIR or FTIR) with RGB image data to obtain a more
accurate multimodal representation of chemical changes during roasting. Secondly, improving model explainability
through Grad-CAM or attention mechanisms is necessary in order to interpret which parts of the image most
influence classification. Thirdly, the classification results should be empirically validated using direct chemical
analysis (e.g. high-performance liquid chromatography for procyanidin and catechin content) to strengthen the
quantitative relationship between roasting level and antioxidant content. Furthermore, the development of real-
time, adaptive roasting systems based on HMOGEO–GCN could be the next area of research. In such a system,
the temperature and duration of the roasting process would be automatically adjusted based on feedback loops
from the classification results. This development is expected to support the implementation of efficient, precise and
environmentally friendly smart cocoa processing.
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19. Urbańska, B., Kowalska, J., & Miarka, D. (2018). Supply chain and traceability in the processing of cocoa beans. Zeszyty Problemowe
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