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Abstract. This study presents a hierarchical hybrid framework for real-time de-
tection of major cocoa diseases and pests in precision agriculture. The proposed
system integrates ESP32-S3 edge nodes with a Raspberry Pi 5 gateway through
a dual Wi-Fi and LoRaWAN communication framework, enabling reliable oper-
ation across large plantation environments. Visual inference is executed locally
using an enhanced YOLOv8n model incorporating Squeeze-and-Excitation at-
tention and C3Ghost lightweight feature extraction modules, thereby limiting
data transmission to compact detection metadata and reducing communication
overhead. Experimental evaluation indicates that the proposed
YOLOv8n+SE+C3Ghost architecture improves disease detection sensitivity,
achieving higher recall and overall fitness than the baseline YOLOv8n, while
reducing the total number of model parameters by 23.63%. Although the inclu-
sion of attention mechanisms increases computational load and inference latency,
the model maintains real-time performance suitable for edge deployment. Ex-
plainable artificial intelligence analysis further demonstrates that the modified
architecture produces more coherent and spatially focused activation over in-
fected pod regions, particularly for frosty pod rot, while suppressing background
noise. The combination of improved detection robustness, reduced model com-
plexity, and resilient long-range connectivity establishes the proposed framework
as an effective and scalable solution for early phytosanitary monitoring in cocoa
plantations and beyond.

Keywords: Precision agriculture, edge Al, fruits, deep learning, computer vi-
sion.

1 Introduction

Cocoa (Theobroma cacao L.) is a major plantation crop cultivated in tropical regions,
underpinning the global chocolate industry and supplying raw materials increasingly
demanded by the cosmetic and pharmaceutical sectors[1], [2]. Despite its economic
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importance, cocoa production is severely constrained by biotic stresses, which signifi-
cantly reduces yield stability and farmer income.

Approximately 40% of global cocoa production is lost annually to major diseases,
including black pod caused by Phytophthora species, witches” broom (Moniliophthora
perniciosa), cocoa swollen shoot virus disease, vascular streak dieback (Oncobasidium
theobromae), and frosty pod rot (Moniliophthora roreri) [2]. Black pod disease is wide-
spread, with multiple Phytophthora species reported across cocoa-growing regions [3],
while frosty pod rot remains particularly destructive in Latin America, where losses
range from moderate yield reductions to complete crop failure [4]. In parallel, insect
pests further exacerbate production losses. Among more than fifty cocoa-associated in-
sect species, mirid bugs, especially the tea mosquito bug complex (Helopeltis theivora,
H. bradyi, and H. antonii), cause extensive damage to cherelles, shoots, and pods, lead-
ing to yield losses of up to 40% in affected regions [5], [6].

Early and accurate detection of disease symptoms and pest damage on cocoa fruits

is therefore essential for effective crop management. Traditional approaches based on
visual inspection and laboratory diagnostics are labor-intensive, subjective, or poorly
suited for rapid in-field decision-making. Recent advances in computer vision and deep
learning have enabled real-time object detection using lightweight models deployable
on edge devices; however, their practical adoption depends on achieving a balance be-
tween accuracy, inference speed, and computational efficiency. In this context, this
study evaluates the YOLOv8n model for simultaneous detection of black pod, frosty
pod rot, and mirid bug damage on cocoa fruits and proposes an enhanced
YOLOv8n+SE+C3Ghost architecture that integrates channel attention and lightweight
feature extraction. The proposed model demonstrates improved detection performance
with competitive computational efficiency, offering a unified vision-based framework
for real-time monitoring of major cocoa fruit diseases and insect pests.
The remainder of this manuscript is structured as follows. Section 2 presents a detailed
review of related work, followed by the methodological framework and model archi-
tecture in Section 3. The experimental setup and test bench are described in Section 4,
while the results and performance analysis are discussed in Section 5. Section 6 con-
cludes the study and outlines future research directions

2 Related Work

Research on automated crop disease and pest identification has progressed from rule-
based image processing toward data-driven machine learning and deep learning frame-
works [7]. Early studies relied on handcrafted features and deterministic rules, exem-
plified by the fuzzy rule-based FRADD system proposed by Kour and Arora [8], which
achieved 91.66% accuracy for apple scab detection but remained sensitive to illumina-
tion changes, background complexity, and occlusion. Such limitations motivated the
adoption of convolutional neural networks, which enable automatic feature learning
and improved robustness under field conditions. Within cocoa production, lightweight
CNN architectures have demonstrated strong performance for disease recognition. For
instance, Godmalin, et al. [9] evaluated EfficientNetBO, MobileNetVV3Small, and



NASNetMobile for cacao pod classification, reporting superior performance for Effi-
cientNetB0 with accuracy, recall, and F1-score of 94%. Further work by the same au-
thors extended CNN-based approaches to disease severity classification, where Mo-
bileNetV3Small achieved 91% accuracy on a dataset of 993 images [10]. In parallel,
hybrid pipelines combining classical feature extraction with shallow classifiers were
explored. Achmad and Areni [11] applied Local Binary Pattern features with Artificial
Neural Networks for cocoa pest detection, attaining limited accuracy of 66%, while
subsequent comparisons of LBP, GLCM, HSV, and GLCH features with Support Vec-
tor Machines indicated that HSV-based representations improved performance to
80.95%, yet remained inferior to deep CNN-based methods [12].

Recent studies have increasingly focused on end-to-end object detection models op-
timized for mobile and edge deployment. For example, Kumi, et al. [13] demonstrated
the feasibility of smartphone-based cocoa disease detection using SSD MobileNet V2,
achieving confidence scores above 80% for swollen shoot and black pod diseases. In a
related industrial application, Achmad and Areni [14] demonstrated that carefully en-
gineered color and texture features combined with optimized SVM classifiers could
achieve near-perfect accuracy for cocoa bean quality assessment. Advances in one-
stage detectors have further improved performance, with YOLOV9 achieving precision
and recall above 99% for binary cocoa pod rot detection [15], and YOLOVS5 attaining
an Fl-score of 95.65% on a benchmark cocoa dataset [16]. Nevertheless, these ap-
proaches primarily address binary or single-disease scenarios. Multi-class, fruit-level
detection of black pod, frosty pod rot, and mirid bug damage remains largely unex-
plored, particularly under real-time constraints. In contrast, the proposed YOLOv8n +
SE + C3Ghost architecture integrates channel-wise attention and lightweight feature
generation to enhance discrimination of subtle disease and pest symptoms while main-
taining computational efficiency, thereby addressing key limitations identified in exist-
ing literature [17].

3 Methodology

This section describes the synergistic integration of the hardware and software frame-
works. First, the hierarchical network topology and node operation logic are detailed.
Subsequently, the structural design of the optimized YOLOv8n model is presented. Fi-
nally, the specific training parameters and dataset distribution are defined.

3.1  Node Architecture and Wireless Sensor Network (WSN)

The proposed hierarchical network topology is illustrated in Fig. 1 [18]. The architec-
ture integrates Wi-Fi and LoRaWAN communication protocols. Edge clusters consist
of multiple ESP32-S3 sensing nodes. These nodes perform high-speed data exchange
via Wi-Fi. A Raspberry Pi 5 unit serves as the local aggregator. The aggregator manages
data within a 50-meter radius. Local frames are converted into long-range LoRaWAN
packets. Information travels several kilometers to the master station. This hybrid



approach ensures data backhaul efficiency. The power consumption remains optimal at
the sensing level.
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Fig. 1. lllustration of WSN architecture for cocoa disease detection.

The proposed logical workflow adopted in this study is presented in Fig. 2. The pro-
cess initiates by waking up the sensing node. Deep sleep states minimize the total en-
ergy consumption. The ESP32-S3 module captures a high-resolution crop image. The
diseases model detection executes visual inference at the edge. Detected pathologies
trigger the packaging of specific metadata. The node establishes a secure local Wi-Fi
connection. Data packets are forwarded to the nearby aggregator. Absence of anomalies
initiates an immediate sleep return. This sequence optimizes the sensor's operational
duty cycle.

No

Fig. 2. Proposed node operation algorithm



3.2 Structural Design of the Model

An optimized architecture based on YOLOV8n is presented here. This model detects
cocoa fruit diseases in complex environments. The main modification introduces two
key structural components. These elements improve detection precision and overall
computational efficiency. A Squeeze-and-Excitation Networks (SE module) [19] is in-
tegrated into layer 9. Additionally, C3Ghost (based in GhostNet [20], [21]) modules
are implemented within the network neck. These architectural changes are illustrated
clearly in Flg 3.

Cross Stage Partial Network with Ghost Bottlenecks

(C3Ghost) '
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!
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Fig. 3. Proposed architecture.

3.3 Attention-Guided Feature Fusion and Multi-Scale Representation

The SE module recalibrates channel-wise features through global average pooling. This
mechanism prioritizes relevant textures of cocoa pod diseases [19]. It suppresses back-
ground noise from complex tropical agricultural environments. The reduction ratio is
set to sixteen for efficiency. This ensures high performance without increasing the
model size. The neck uses C3Ghost modules to replace standard convolutions C2f.
Ghost convolutions generate more features using fewer linear operations. This design
significantly reduces the total number of parameters. It maintains a rich representation
for multi-scale disease detection. The architecture remains lightweight for real-time
edge device deployment. Layers 13 to 28 focus on hierarchical feature extraction. The
model integrates spatial information and semantic context effectively. Four detection
heads process different scales of cocoa fruits. This approach improves the detection of
small mirid damage. High-resolution features are preserved for accurate disease local-
ization.



3.4 Model Training and Explainable Artificial Intelligence Analysis

The model was trained for 100 epochs. A batch size of 32 and 640 x 640 resolution
were used. This training configuration is directly informed by the dataset characteristics
visualized in Fig. 4. The dataset [22] was partitioned into three distinct functional sub-
sets. Specifically, 70% of the samples were for training. The remaining 30% was split
equally for validation and test. Whereas Explainable Artificial Intelligence (XAI) tech-
niques were applied to interpret and compare the decision-making behavior of the base-
line YOLOvV8Nn and the proposed YOLOv8n+SE+C3Ghost models. Gradient-based
class activation mapping was employed to generate heatmaps highlighting image re-
gions contributing most strongly to model predictions. A representative Frosty Pod Rot
sample was selected to assess how architectural modifications influenced spatial atten-
tion under complex field conditions.
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Fig. 4. Visualization of the training dataset labels: (a) Instance count per category where A is
Black Pod Rot, B is Frosty Pod Rot, C is Healthy Pod, and D is Mirid Bug Damage; (b) Bounding
box distribution across all frames; (c) Spatial distribution of object centers (x, y); (d) Correlation
and distribution of object dimensions (width, height).

4 Results

In this section, the experimental results are presented. The performance of the modified
YOLOv8n model is evaluated through quantitative metrics. First, results of the detec-
tion accuracy measured using mAP are provided. Then, the model evolution is



presented across the training epochs to ensure convergence stability. Finally, the results
for XAl are presented followed by limitations and future prospective.

4.1  Performance of the Rust Severity Index Calculation

The numerical stability and learning efficiency of the proposed architectural
modifications are illustrated in Fig. 5. In Fig. 5a both models show rapid precision
growth during early epochs. Both models show rapid precision growth during early
epochs. The baseline (YOLOv8n) performs better during the first 60 epochs. Then, the
modified architecture (YOLOv8n + SE+ C3Ghost) surpasses the baseline until the end.
The SE module and C3Ghost helps the network focus on discriminative features. The
proposed model achieves superior refinement in the final stage.

In Fig. 5b the baseline YOLOv8n model exhibits a lower total loss. This lower value
often indicates a simpler feature mapping. However, it might also suggest a risk of
overfitting. The modified architecture model shows a continuous improvement trend.
The attention mechanism requires more time to stabilize weights. The proposed model
prioritizes complex features over simple errors. A higher loss does not prevent achiev-
ing superior precision.
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Fig. 5. Training dynamics across 100 epochs. (a) Evolution of mMAP@50; (b) Conver-
gence of Total Loss.

4.2  Overall Performance

In Table 1 summarizes the data obtained during the experimental phase for each archi-
tectural variant. The optimized model achieves a reduction of 23.63% in total parame-
ters. This decrease is primarily due to the C3Ghost modules. These modules generate
feature maps using lightweight linear operations. Despite having fewer parameters, the
computational cost (GFLOPSs) increased by 11.36%. This rise is caused by the addi-
tional processing load of the SE attention mechanism. Consequently, the inference time
increased by 32.98%. However, this latency remains sufficiently low to guarantee real-



time performance on edge computing devices. The models were evaluated using the
validation set.

Table 1. Ablation study of the proposed architectural modifications for coffee leaf rust detection

Model MAP@50 mMAP@50:95 Parameters GFLOPs Inf (ms)
Yolov8n 0.8215 0.6147 3006428 8.088 4.73
Yolov8n + SE +

0.8466 0.6458 2295858 9.007 6.29
C3Ghost

The metric improvements are visually compared in the radar chart as shown in Fig. 6.
The proposed model excels in all categories. The performance metrics reveal a distinct
trade-off between the model variants. The baseline YOLOv8n architecture achieves a
higher Precision of 68.46%. This represents a superior value compared to the 64.64%
obtained by the YOLOv8n + SE + C3Ghost model. This indicates that the baseline is
more accurate in its positive detections. However, the modified model architecture
demonstrates a higher Recall of 78.17%. This suggests that the structural modifications
improve the ability to detect a larger total number of disease instances. The Fitness
score reflects the overall effectiveness of the models. The baseline YOLOv8n reaches
a fitness value of 50.43%. In contrast, the modified architecture shows a fitness of
54.51%. While the modified model version captures more lesions (higher Recall), it
also introduces more false positives (lower Precision). The models were evaluated us-
ing the test set.

Precision
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mAP@50 mAP@50:95
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Fig. 6. Radar chart comparison of model performance metrics for test set.

The model performance is further analyzed using a normalized confusion matrix. Fig.
7 illustrates the classification accuracy across all disease categories. The diagonal val-
ues represent high true positive rates for each class. Some minor confusion exists be-
tween diseased pods and the background. This is expected due to complex agricultural
environment textures.

Compared with prior cocoa-focused studies, most existing works emphasize either
image-level classification or binary disease detection, whereas the present framework
performs simultaneous multi-class, fruit-level object detection under real-time con-
straints. While higher-capacity detectors such as YOLOV9 report near-saturated



accuracy for binary tasks [15], the proposed architecture demonstrates a more favorable
balance between accuracy, computational efficiency, and deployment feasibility for re-
source-constrained agricultural environments.
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Fig. 7. Confusion matrix of test set for (a) YOLOv8n and (b) YOLOV8 +SE + C3Ghost.

Table 2. Comparative analysis of proposed YOLOv8n+SE+C3Ghost model against related co-
coa disease and pest detection studies.

Model / Detection / Performance met- Model effi- Refer-
Target task Classification . .

Method Level rics ciency ence
Cocoa pest LBP + ANN  Image-level Accuracy = 66% Fast inference [11]
attack (ELM) classification (0.5955)
Cocoa dis- SSD Mo- Object detec- Confidence > 80%, Mobile-friendly  [13]
ease detec- bileNet V2 tion mAP =~ 30
tion
Cocoa dis- YOLOv5m Object detec- F1 =95.65% Moderate com-  [16]
ease detec- tion plexity
tion
Cocoa pod YOLOV9 Object detec- mAP@50 = 0.99 High-capacity [15]
rot tion detector
Frosty pod Mo- Image-level Accuracy = 95%, F1 Lightweight [17]
rot stages bileNetV2 classification =0.94 CNN
Black pod + YOLOv8n+  Fruit-level ob- mAP@50 = 0.8466; 2.30 M params; ~ This
frosty pod SE + ject detection mAP@50:95 = 9.01 GFLOPs; study
rot + mirid C3Ghost 0.6458 6.29 ms
bug

4.3 XAl Analysis Results

The baseline YOLOv8n exhibited dispersed and localized activations, primarily
focusing on limited pod regions, indicating a weak association between global disease
texture and prediction confidence (Fig. 8b). In contrast, the YOLOv8n+SE+C3Ghost
model produced broader and more coherent activation patterns that covered most in-
fected pod surfaces with high-confidence responses (Fig. 8c). These results indicate
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that the Squeeze-and-Excitation mechanism enhanced channel-wise feature recalibra-
tion, enabling the model to emphasize disease-specific visual cues while suppressing
background interference from foliage and branches. Overall, the XAl analysis confirms
that the proposed architecture improves interpretability and localization reliability for
frosty pod rot detection.

(b)

Fig. 8. Compared the heatmaps. (a) Original image; (b) YOLOvV8n + heatmap; (c) YOLOv8n +
SE + C3Ghost + heatmap.

4.4  Limitations and Future Prospective

The current visual detection system is constrained by environmental and technical fac-
tors. Recognition accuracy is sensitive to ambient lighting, and dense cocoa canopies
may impede Wi-Fi signal propagation. LoORaWAN’s limited bandwidth also restricts
the transmission of high-resolution imagery.

Future work will focus on expanding the training dataset to improve model general-
ization and enhance precision and recall. Integrating adaptive energy harvesting could
increase node autonomy, while multi-spectral sensors may enable earlier disease detec-
tion. Mesh networking is another avenue to extend coverage of local sensing clusters,
and field validation across diverse regions will assess system robustness under varying
environmental conditions.

5 Conclusion

This study confirms the potential of edge Al for real-time phytosanitary monitoring in
cocoa plantations. By performing visual inference directly on ESP32-S3 edge nodes,
the proposed framework reduces latency and communication overhead while avoiding
reliance on cloud-based processing. The enhanced YOLOv8n+SE+C3Ghost model
supports this edge-centric design by improving detection performance within the com-
putational constraints of field-deployable devices. The hybrid network topology, com-
bining short-range communication with LoRaWAN backhaul, enables scalable deploy-
ment across large and remote plantations. The integration of SE and C3Ghost modules
enhances feature discrimination while limiting model complexity, ensuring reliable
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detection of disease and pest symptoms under real field conditions. Future work will
focus on dataset expansion and further architectural optimization to improve generali-
zation and robustness.
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