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Abstract

The accurate classification of cocoa pod ripeness is critical for optimizing harvest timing,
improving post-harvest processing, and ensuring consistent quality in chocolate produc-
tion. Traditional ripeness assessment methods are often subjective, labor-intensive, or
destructive, highlighting the need for automated, non-invasive solutions. This study evalu-
ates the performance of R-CNN-based deep learning models—Faster R-CNN and Mask
R-CNN—for the detection and segmentation of cocoa pods across four ripening stages
(0–2 months, 2–4 months, 4–6 months, and >6 months) using the RipSetCocoaCNCH12
dataset, which is publicly accessible, comprising 4116 labeled images collected under real-
world field conditions, in the context of precision agriculture. Initial experiments using
pretrained weights and standard configurations on a custom COCO-format dataset yielded
promising baseline results. Faster R-CNN achieved a mean average precision (mAP) of
64.15%, while Mask R-CNN reached 60.81%, with the highest per-class precision in mature
pods (C4) but weaker detection in early stages (C1). To improve model robustness, the
dataset was subsequently augmented and balanced, followed by targeted hyperparameter
optimization for both architectures. The refined models were then benchmarked against
state-of-the-art YOLOv8 networks (YOLOv8x and YOLOv8l-seg). Results showed that
YOLOv8x achieved the highest mAP of 86.36%, outperforming YOLOv8l-seg (83.85%),
Mask R-CNN (73.20%), and Faster R-CNN (67.75%) in overall detection accuracy. However,
the R-CNN models offered valuable instance-level segmentation insights, particularly in
complex backgrounds. Furthermore, a qualitative evaluation using confidence heatmaps
and error analysis revealed that R-CNN architectures occasionally missed small or partially
occluded pods. These findings highlight the complementary strengths of region-based
and real-time detectors in precision agriculture and emphasize the need for class-specific
enhancements and interpretability tools in real-world deployments.

Keywords: cocoa crop; ripeness detection; smart agriculture; precision agriculture; R-CNN
model; artificial intelligence; computer vision
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1. Introduction
1.1. Context

Cocoa (Theobroma cacao) significantly impacts the economies of small farmers and
families worldwide. It is primarily produced in Africa, which accounts for around 75% of
the world’s cocoa cultivation, with major producers including the Ivory Coast, Ghana,
Cameroon, and Nigeria [1]. In contrast, Latin America’s cocoa production focuses more on
fine varieties, contributing about 20% to the global market, particularly from Ecuador and
Brazil [1].

In Colombia, cocoa farming provides a livelihood for nearly 35,000 families, and the
global demand for cocoa continues to rise. Additionally, in many regions of Colombia,
cocoa farming serves as a better alternative to illicit crops like coca leaves. The department
of Santander is the leading cocoa producer in the country, accounting for more than 30% of
national production.

From an agronomic point of view, to produce fine cocoa, it is important to establish
the optimal harvest stage. Farmers must harvest cocoa pods in similar stages of ripeness so
that their fermentation process is as homogeneous as possible and thus obtains high-quality
derived products [2].

The determination of the state of ripeness in different fruits has been a focus of study
in precision agriculture for several decades, and there are research works in the literature
that use classification methods based on different characteristics such as color, volatile
elements, visible and infrared spectroscopy, fluorescence, and spectral images [3].

It is also important for crops of any type to predict their yields to schedule and plan
activities such as fertilization and harvesting, which must be carried out quickly [4–11].

In cocoa crops, different investigations have been carried out to solve the problem of
classification into ripeness stages based on various techniques: acoustic signals [12,13]; de-
termination of metabolic profiles through biochemical markers [14]; laser techniques with
backscattered images [15]; and physical indicators [2]. These techniques have some limita-
tions for their practical implementation and can be destructive in some cases, so computer
vision-based techniques are a lower-cost alternative and possibly more straightforward
to implement.

1.2. Challenges in Ripeness Detection

Research on detecting ripeness in various fruits has been growing, highlighting its
significance in crop management [16–26]. Most studies concentrate on identifying just
two categories: fully ripe and unripe fruits. However, there is a growing body of work
aimed at assessing the maturity of different fruits at various stages [3]. Determining
the ripeness of fruit at different stages is crucial for making informed agronomic and
management decisions in the agribusiness sector.

Detecting different stages of fruit ripeness poses several challenges that can become
bottlenecks for research in this area, such as obtaining datasets, using various imaging
techniques, light conditions in open fields, and different phenological characteristics that
depend on each crop. One of the main challenges is the variability between crops and
the characteristics associated with each of these. Each plant has a distinct phenology
and specific ways of expressing its maturity. In cocoa, the early stages of ripening are
challenging to differentiate by color or size, requiring a texture analysis [27]. In citrus
fruits, for example, although color facilitates the classification of ripe and unripe fruits,
differentiating between intermediate stages remains complex, especially when the tree has
simultaneous ripening stages [28].

A significant challenge in agriculture is identifying fruits in natural or uncontrolled
conditions. Factors like varying light levels and the presence of branches, leaves, and other
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elements can complicate fruit detection by algorithms. For example, in crops such as coffee
and citrus, branches or leaves are often mistaken for fruits [28,29]. In some cases, physical
characteristics like size or color are insufficient to distinguish between different maturity
classes of fruits. This limitation has led to the adoption of more advanced techniques, such
as hyperspectral imaging [30]. Although these methods can be costly, they have proven
effective in accurately classifying various maturity stages of fruits.

The primary goal of artificial intelligence models in agriculture is to analyze changes
and variability in crops, including pest and disease detection, fruit maturity stages, and
phenological development among other factors. However, there is still much work to be
done. Techniques need to be developed to classify fruits not only based on their ripeness
stage but also according to their quality. Additionally, addressing other factors beyond
just ripeness classification, such as counting fruits, is crucial for accurately estimating
crop yield.

Recent studies in field-oriented research have examined advanced methods that go
beyond traditional RGB image-based object detection. For example, Wang et al., in 2025 [31],
proposed a geometry-aware 3D point cloud learning method aimed at accurately detecting
cutting points in complex field environments. This approach achieved high accuracy
despite challenges such as occlusions and unstructured canopies. Although it focused
on pruning applications, the study highlights the potential benefits of integrating spatial
geometry to enhance object localization in agriculture.

In a similar vein, Wu et al., in 2024 [32], developed an improved CycleGAN framework
for detecting pineapples at nighttime. Their work addresses the challenges posed by low-
light conditions through image-to-image translation and domain adaptation techniques.
This study illustrates how generative models can help mitigate the negative effects of
varying lighting conditions, which is also crucial in assessing ripeness in natural open-
field environments.

These innovative approaches underscore the importance of exploring advanced vi-
sion techniques and non-standard imaging conditions in future research. This aligns
with the goal of enhancing cocoa pod detection at various ripening stages in real-world
field situations.

This study addresses significant challenges by exploring the use of advanced deep
learning models, specifically Faster R-CNN and Mask R-CNN, for the automated detection
of cocoa pods at various ripening stages. By utilizing computer vision techniques, we
aim to overcome the limitations associated with traditional methods, such as subjectivity,
destructiveness, and high costs, while enhancing accuracy in ripeness classification under
real-world field conditions. Our approach contributes to finding solutions that meet the
need for reliable and noninvasive maturity assessments. It also contributes to the field of
precision agriculture by demonstrating the usefulness of these artificial intelligence tools in
harvest planning and yield prediction. The findings of this study could contribute to the
search for solutions for farmers in optimizing cocoa production and quality, which aligns
with the global demand for sustainable and efficient agricultural practices.

Additionally, dataset imbalance, the absence of hyperparameter tuning, and the lack
of model interpretability tools are common issues that this work aims to address in its
extended experiments.

This paper is organized as follows: Section 2 discusses related works. In Section 3, we
present the materials and methods used. Next, Section 4 outlines the results of training the
models. Section 5 provides a discussion on the results obtained and explores possible causes.
Finally, Section 6 presents the conclusions, limitations, and suggestions for future work.
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2. Related Work
Research on ripeness detection can be categorized based on the type of dataset used

into two main types:

• Controlled environment datasets: These methods utilize digital image datasets
obtained from controlled environments where the fruits have already been har-
vested [33–39]. In these cases, the background of the images is free from noise, making
classification easier. Algorithms trained using these methods are typically employed
in agro-industrial plants for tasks such as fruit classification or packaging.

• Complex environment datasets: in contrast, some models are trained with datasets
collected under complex field conditions, where the images are captured before the
fruits have been harvested [40–48].

This work aims to detect ripeness in cocoa crops under field conditions, which present
a complex environment. The goal is to develop algorithms that can identify the ripeness
of the cocoa pods before harvest, aiding in yield estimation. Current state-of-the-art
classification methods using fruit datasets in complex environments have shown better
results with deep neural networks.

Numerous studies in the literature have explored various neural network architectures,
with the YOLO family (You Only Look Once) [49–54] being one of the most prominent mod-
els. This family has demonstrated impressive results in agricultural applications and merits
further investigation in this area [24,28,39,41,42,45,55–58]. However, this work specifically
focuses on two widely used models for agricultural solutions: Faster R-CNN [59] and Mask
R-CNN [60]. These models have been shown in various studies to possess characteristics
that are well-suited for many applications in precision agriculture. Below, we review some
of the most significant features of these networks that motivate the interest in using them
to detect different stages of maturity in cocoa crops.

2.1. Application of Faster R-CNN and Mask R-CNN in Fruit Ripeness Detection

Convolutional neural network (CNN)-based detection models, particularly Faster
R-CNN and Mask R-CNN, have become essential tools for computer vision tasks in preci-
sion agriculture, especially in classifying the ripening stages of fruits [3]. These two-stage
methods offer significant advantages over traditional techniques. Faster R-CNN is notable
for its balance between accuracy and efficiency in object localization [59]. Meanwhile, Mask
R-CNN, which builds upon this framework, introduces pixel-level segmentation capabili-
ties that enable precise morphological characterization [60]. However, the application of
these models in fruit ripeness presents specific challenges, as documented in the literature.
Below, we show some advantages and limitations found in different related works.

2.1.1. R-CNN Models Advantages

High accuracy in detection and localization: R-CNN architectures, especially Faster
R-CNN and Mask R-CNN, are known for their high accuracy in object detection and
localization [57]. Mask R-CNN is particularly known for accurate target localization
and generation of high-quality pixel masks, making it suitable for pixel-level segmen-
tation [61]. In different cases, high accuracies (mAP) have been achieved in the detec-
tion/segmentation of various fruits and diseases, such as apple leaf diseases [62], pak choi
leaves [61], grapes [63], green fruits [64], tomatoes (even in complex scenarios) [46,65],
passion fruit [66,67], peaches [68], strawberries [69], and lychees [70].

Robust and multi-scale feature learning: Convolutional neural networks (CNNs),
which serve as the foundation for region-based CNNs (R-CNNs), can automatically extract
complex features [71]. Backbone architectures like ResNet address issues such as the gradi-
ent vanishing problem in deep networks and effectively learn useful features [68,72]. By
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integrating Feature Pyramid Networks (FPNs) or similar mechanisms—such as PANet or
Multi-Scale Feature Extractors (MSFEs)—we can combine high-level semantic information
from deeper layers with low-level fine details from shallower layers. This integration is
essential for detecting objects of various sizes in complex scenarios [61,65,67,68]. Addi-
tionally, Res2Net, as an enhanced backbone, has demonstrated improved capabilities in
multi-scale and high-representation feature extraction [62].

Enhanced spatial localization and segmentation with RoIAlign: RoIAlign is a
method that extracts features from regions of interest (RoIs) without rounding their coordi-
nates [60]. It uses interpolation to maintain spatial accuracy, which is key in models such
as Mask R-CNN. The RoIAlign layer utilized in Mask R-CNN and improved versions of
Faster R-CNN significantly enhances localization accuracy [62]. Unlike RoIPool, which is
used in R-CNN and Fast R-CNN, RoIAlign employs bilinear interpolation to map regions
of interest to fixed-size feature maps. This approach minimizes inaccuracies caused by
quantization [61]. As a result, RoIAlign provides more precise boundaries [46,71] and better
captures target boundaries and spatial information. This level of accuracy is particularly
crucial for tasks that require high localization precision [71].

2.1.2. R-CNN Models Limitations

Processing (inference) speed: R-CNN models, particularly two-stage architectures
like Faster R-CNN and Mask R-CNN, tend to be slower than single-stage detectors such
as YOLO [62,73,74]. The original R-CNN was both slow and computationally expen-
sive [75]. While Faster R-CNN does enhance processing speed, it remains slower than
YOLOv3 [73,74]. The inference time for Mask R-CNN can also be quite challenging, with
reported times of 7.72 s per image for lychees [70] and 1.65 s per tomato [65]. Such inference
times can be limiting for real-time applications that require high-speed processing.

Model and training complexity: The original R-CNN featured a complex training pro-
cess [76]. Two-stage architectures, such as Mask R-CNN, involve multiple interconnected
components, leading to increased complexity [60,61]. Additionally, training deeper models,
like ResNet101 compared to ResNet50, can significantly extend the training time [61].

Challenges in detecting small objects (on basic architectures): The basic Faster
R-CNN may have difficulty detecting small objects because the original RoI Pooling and
the Region Proposal Network (RPN) generate features solely from the last convolutional
layer. This approach ignores lower-resolution feature maps, which are important for
identifying small objects. This issue can be addressed by using multi-scale architectures
such as Feature Pyramid Networks (FPN) or Multi-Scale Feature Extraction (MSFE) [67].

Anchor mechanism (for anchor-based models): Although anchors are fundamental in
many methods, using them in the Region Proposal Network (RPN) implies tuning complex
hyperparameters [73].

In summary, Faster R-CNN and Mask R-CNN are advanced architectures designed
for detection and segmentation tasks in computer vision. They are notable for their high
accuracy, ability to handle multiple scales, and enhanced spatial localization through
the RoIAlign technique. However, adopting these systems involves important trade-
offs, including higher computational demands, complexity in training, and limitations
in inference speed, especially for real-time applications. The reviewed studies show that
while these networks achieve greater accuracy than alternatives like YOLO in complex
agricultural scenarios—such as multi-stage fruit ripeness detection and foliar disease
segmentation—their practical implementation requires careful consideration of these factors
based on the specific needs of the project. Future research could aim to improve their
computational efficiency without compromising their robustness, potentially through
model compression techniques or hybrid architectures.
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On the other hand, computer vision techniques are increasingly being applied to
address various challenges in cocoa crops, with many solutions utilizing artificial neural
networks (ANNs) [77–80]. However, there are still relatively few studies focused on
classifying the different stages of ripening in cocoa. This work aims to contribute to finding
solutions for these challenges.

2.2. Comparison of Two-Stage vs. One-Stage Detectors in Agriculture

Several recent studies have systematically compared two-stage and one-stage object
detectors in agricultural contexts, particularly focusing on tasks such as fruit and orchard
branch detection.

Sapkota et al., in 2023 [57], evaluated YOLOv8 and Mask R-CNN for instance seg-
mentation in apple orchards. They found that YOLOv8 significantly outperformed Mask
R-CNN in both accuracy and speed. YOLOv8 achieved precision and recall rates of 0.90 and
0.95, respectively, for dormant trees, compared to Mask R-CNN’s 0.81 and 0.83 for both
metrics [57].

In a study on plum detection, a comparative evaluation of Faster R-CNN (ResNet-101),
EfficientDet-D4, RetinaNet, and SSD showed that EfficientDet-D4 achieved the highest
accuracy (AP50 = 78.8%) and faster inference time (approximately 12 ms) compared to
Faster R-CNN, which had an AP50 of 73.6% and an inference time of around 15.5 ms [81].

Wu et al., in 2024 [82], introduced an improved YOLOv8n model for occluded apple de-
tection, achieving a mean average precision (mAP50) of at least 75.9% in bbox and 75.7% in
mask at approximately 44 frames per second (FPS) in complex orchard environments. This
performance highlights the robustness and suitability of lightweight one-stage models for
real-time applications.

A broader review by Xiao et al. in 2023 [83], analyzed various fruit detection models,
including YOLO, SSD, Faster R-CNN, and Mask R-CNN. The findings concluded that one-
stage detectors generally offer superior speed, while two-stage detectors tend to provide
higher accuracy, particularly in complex conditions involving occlusion and small target
sizes [83].

3. Materials and Methods
3.1. Dataset

The RipSetCocoaCNCH12 dataset is the source of data for this work [27]. There are
several cultivated varieties of Theobroma cacao, each exhibiting distinct physical characteris-
tics, such as color, fruit shape, yield, and resistance to different diseases. This study centered
on the CNCH12 variety grown in Colombia (see Figure 1). CNCH12 was developed by the
“Compañía Nacional de Chocolates,” the largest company in the country that transforms
cacao into consumer products and is also the biggest purchaser of cacao from farmers.

 

Figure 1. Cocoa pods of the CNCH12 variety in all stages of development, from 0 to 6 months [27].

The images were collected at the “Compañía Nacional de Chocolates” farm, located in the
municipality of Támesis in the department of Antioquia, Colombia (5◦43′0′′ N–75◦41′25′′ W).
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The average elevation of the farm is approximately 1100 m above sea level. This dataset
was created between 1 December 2022 and 17 February 2023, which corresponds to the
main cacao harvest season in the study area [27].

The dataset consists of four classes representing different ripening stages, starting with
the bloom set: (1) Class 1 (0–2 months), (2) Class 2 (2–4 months), (3) Class 3 (4–6 months),
and (4) Class 4 (>6 months) (see Figure 2). The dataset can be downloaded from the
repository at https://doi.org/10.5281/zenodo.7968315. An additional class corresponding
to aborted fruits was originally included in the dataset but has been removed, as it is
considered a maturation stage.

  
(a) (b) 

  
(c) (d) 

Figure 2. Ripeness stages: (a) 0–2 months (C1); (b) 2–4 months (C2); (c) 4–6 months (C3);
(d) >6 months (C4) [27].

The dataset consists of 4116 images captured on various smartphone models in .JPG
format, each with a resolution of 3000 × 3000 pixels. The images are labeled according to
the four stages of cocoa ripening, as outlined in Table 1. The initial stage (Class 1) has the
highest number of instances, totaling 3427. This abundance can be attributed to the fact
that, at this stage, a larger percentage of fruits have just completed the flowering process.
During ripening, some fruits may be lost due to pests and diseases, leading to a decrease
in quantity as time progresses. Consequently, by the harvest stage, only 1106 instances
are available, reflecting the reduced number of images at the later stages. The original
dataset included 263 instances of a class labeled “Abortions” (CA). However, this class was
removed for this study, as it is not relevant to the ripeness stages.

Table 1. Quantities in the dataset for each class.

Class Class Name Instances

c1 Stage 1 (0–2 months) 3427

c2 Stage 2 (2–4 months) 1679

c3 Stage 3 (4–6 months) 1545

c4 For harvest (>6 months) 1106

Total 7757

The dataset includes labels in two alternative formats: (1) the COCO 1.0 format,
which consists of JSON files for object detection using bounding boxes and polygons, and
(2) the Segmentation Mask 1.1 format, which features separate folders for both semantic
segmentation and instance segmentation. In this work, we use labels in the COCO format.
Examples of images from the dataset are shown in Figure 3 below.

https://doi.org/10.5281/zenodo.7968315
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(a) (b) 

  
(c) (d) 

Figure 3. Examples of labeled images in dataset: (a) c1 (0–2 months); (b) c2 (2–4 months);
(c) c3 (4–6 months); (d) c4 (> 6 months).

3.1.1. Data Augmentation and Class Balancing Strategy

During the training data preparation process, it was identified that the dataset exhib-
ited an imbalance in the distribution of the target categories, particularly for the classes
labeled as c2, c3, and c4. Such imbalance can negatively impact the performance of de-
tection and segmentation models, especially by reducing their ability to correctly identify
underrepresented classes.

To address this issue, a selective data augmentation strategy was implemented. This
process involved generating synthetic variations of the existing images while preserving
their associated annotations. The objective was to increase the number of training instances
for underrepresented categories without the need to collect additional data.

The number of augmentations applied to each image was determined based on the
relative scarcity of each class within the training set. Specifically, a variable number of
augmented images was generated according to the categories present in each image. The
specific augmentation criteria were as follows:

- If an image contained class c2, 1 additional augmented image was generated.
- If it contained class c3, 1 additional augmented image was generated.
- If it contained class c4, 2 additional augmented images were generated.

This procedure was formalized through an algorithm that iterates over all images in
the original dataset and, depending on the classes present in each image, accumulates a
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counter indicating the number of augmentations to be applied. The following augmentation
techniques were applied using the Albumentations library:

Horizontal flip randomly flips the image along the horizontal axis with a probability
of 0.5. This transformation is commonly used to increase the variability of object positions
within the dataset.

Vertical flip randomly flips the image along the vertical axis with a probability of 0.5.
Although less frequent in natural scenes, this operation can be beneficial in agricultural
and aerial imagery where objects may appear in diverse orientations.

Random brightness and contrast adjustment modifies the brightness and contrast of
the image within a random range with a probability of 0.5. This technique helps the model
to generalize better under varying lighting conditions.

Rotation rotates the image by a random angle within the range of −20 to +20 degrees,
with a probability of 0.5. This operation increases the robustness of the model to rotated
instances of objects.

The impact of this augmentation strategy is shown in Figure 4, which displays the
class distribution after augmentation. A more balanced distribution was achieved, with an
increased presence of previously underrepresented classes such as c2, c3, and c4, reducing
the dominance of class c1 from 42.2% to 25.7%. This adjustment improves the representa-
tiveness and balance of the dataset, contributing to the development of more reliable and
generalizable deep learning models for object detection and segmentation tasks.

 
(a) (b) 

Figure 4. Impact of the selective data augmentation strategy (a) before applying data augmentation
and (b) after applying data augmentation.

3.1.2. Dataset Partitioning After Data Augmentation

Following the data augmentation process, the resulting dataset was cleaned and
partitioned into three subsets, training, validation, and testing, based on the total number
of annotated instances for the relevant target classes (c1, c2, c3, and c4). The distribution
of annotations was designed to ensure a representative and balanced split for model
development and evaluation. Specifically, 70.39% of the total annotations were assigned to
the training set, 19.62% were allocated to the validation set, and 9.99% were reserved for
the test set (Figure 5).

This stratified distribution ensures that the training set contains most of the annotated
data for effective model learning, while preserving sufficient samples in the validation
and test sets to allow for robust performance evaluation and hyperparameter tuning.
Importantly, this split was calculated based solely on the annotated instances of the four
target classes.



Computation 2025, 13, 159 10 of 36

Figure 5. Total instance counts and percentages per subset.

Figure 6 shows the final distribution of annotated instances per class (c1 to c4) across
the training, validation, and test sets. The training set contains the highest number of
annotations for each class, ensuring sufficient data for learning, while validation and test
sets maintain a consistent and proportional representation. Class c2 is the most frequent
across all subsets, followed by c1, c3, and c4. This balanced distribution helps ensure that
the model is trained and evaluated fairly across all target categories.

Figure 6. Instance distribution per subset and class.

3.2. Convolutional Neural Networks Selected for This Research

Convolutional neural network (CNN)-based object detection architectures have trans-
formed the field of computer vision. The first R-CNN model, which stands for Regions
with CNN Features, was introduced in 2014 by Ross Girshick and his colleagues in their
paper titled “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmen-
tation” [76]. This landmark work marked a significant turning point in object detection
by integrating region proposals (RP)—inspired by algorithms like selective search—with
CNN-based feature extraction. This approach replaced traditional manual descriptors like
SIFT or HOG, paving the way for more accurate detection methods.



Computation 2025, 13, 159 11 of 36

The original R-CNN model inspired a new generation of models when its limitations,
such as slow processing due to the independent handling of regions, became apparent.
As a result, subsequent advancements led to the development of Fast R-CNN [84], Faster
R-CNN [59], and Mask R-CNN [60]. These improvements have significantly impacted
practical applications, particularly in areas where precision is crucial, such as precision
agriculture (for fruit and pest detection), self-driving technology (for pedestrian and vehicle
detection), and medicine (for medical image analysis). In this work, we utilized the
enhanced versions, Faster R-CNN and Mask R-CNN.

3.2.1. Faster R-CNN

This model advances the integration of RP generation directly within the neural
network through a “Region Proposal Network (RPN)” [85]. A summary of its architecture
is presented in Figure 7, below.

Figure 7. Architecture summary of Faster R-CNN [59].

The RPN utilizes a sliding window technique on the convolutional feature map to
generate region proposals known as “anchors.” At each location of the window, the RPN
predicts several proposals, typically defaulting to nine anchors with various scales and
aspect ratios [59].

Once the anchors are generated, they undergo evaluation by a classification layer,
which determines whether they contain an object, and a regression layer, which refines the
bounding box coordinates [59]. The RPN is trained in an end-to-end manner and shares
convolutional layers with the Fast R-CNN detection network, which significantly enhances
speed without compromising accuracy.

Despite being faster, this model’s two-stage architecture can be slower compared to
single-stage detectors such as YOLO and SSD [86]. It may also struggle with detecting very
small objects [87]. Additionally, spatial misalignment stemming from RoI pooling remains
an issue in the base Faster R-CNN architecture [60].

3.2.2. Mask R-CNN

Mask R-CNN extends Faster R-CNN by adding a third branch to predict pixel-level
segmentation masks for each RoI (region of interest) [88,89]. A summary of its architecture
is presented in Figure 8, below.

A key innovation of Mask R-CNN is the introduction of “RoIAlign.” This technique
addresses the spatial misalignment issues caused by quantization in “RoIPool,” which
is used in Fast R-CNN and Faster R-CNN. RoIAlign employs bilinear interpolation to
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compute feature values at precise sampling locations within each RoI bin, resulting in more
accurate segmentation masks [88]. This model not only detects objects and localizes their
boundaries with bounding boxes but also provides pixel-level instance segmentation.

Figure 8. Architecture summary of Mask R-CNN [60].

Moreover, RoIAlign significantly enhances the accuracy of segmentation masks com-
pared to methods that use RoIPooling [60]. As a result, this network can tackle more
complex tasks beyond simple object detection, such as identifying image tampering by
segmenting forged regions [89].

However, the limitations of this model include its complexity compared to Faster
R-CNN due to the addition of the mask branch. This complexity results in a higher
computational burden, although the overhead is relatively small—approximately 20% more
than Faster R-CNN [60].

In summary, the R-CNN family has evolved significantly to enhance both accuracy
and efficiency in object detection. The original R-CNN was groundbreaking but slow. Fast
R-CNN improved the speed by processing the image only once, though it still depended
on external region proposals. Faster R-CNN made a major advancement by integrating
proposal generation directly into the network, achieving near-real-time speeds. Finally,
Mask R-CNN expanded its functionality to include instance segmentation, offering more
detailed information about detected objects, albeit with increased computational complexity.
Each iteration has built upon the previous one, addressing its limitations while introducing
new capabilities.

3.3. Detectron2 Library

For this research, we used the Detectron2 library. Detectron is a computer vision library
developed by Facebook AI Research that focuses on object detection, instance segmentation,
and various advanced tasks. Its successor, Detectron2, is an enhanced and more flexible
version written in PyTorch version 2.6.0+cu124. Detectron2 offers state-of-the-art models
such as Faster R-CNN, Mask R-CNN, RetinaNet, and Cascade R-CNN, among others.

Detectron2 builds upon the original Detectron, which was based on Caffe2, and has
transitioned to PyTorch to provide better flexibility and performance. Its modular design
enables the integration of modern backbones like ResNeXt and Swin Transformer, as well
as advanced techniques such as ROIAlign and Feature Pyramid Networks (FPNs).
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Nomenclature in Detectron2

The nomenclatures in Detectron2 follow a pattern that indicates the model architec-
ture, backbone, training configuration, and network characteristics. Here is a detailed
explanation of each one:

Naming Convention Structure:
faster_rcnn_<BACKBONE>_<NECK>_<TRAINING-SCHEDULE>

• faster_rcnn: Base architecture (Faster R-CNN).
• BACKBONE: Feature extraction backbone (e.g., R_50, X_101_32x8d).
• NECK: Neck design for multi-scale feature handling (e.g., C4, FPN, DC5).
• TRAINING-SCHEDULE: Training duration/hyperparameters (e.g., 1x, 3x).

Key components explained:
Backbones

✓ R_50: ResNet-50 (50 layers).
✓ R_101: ResNet-101 (101 layers, deeper/more accurate).
✓ X_101_32x8d: ResNeXt-101 with 32 groups and 8 bottleneck width (higher capacity

than ResNet).

Neck

✓ C4: Uses conv4 features for RPN and ROI heads.
Pros: Faster but less precise for small objects.

✓ FPN: Feature Pyramid Network (multi-scale features).
Pros: Best for objects of varying sizes (e.g., fruits at different distances).

✓ DC5: Dilated convolutions in conv5 (higher spatial resolution).
Pros: Better for small objects but computationally heavy.

Training Schedule

✓ 1x: Standard training (~90k iterations).
✓ 3x: Extended training (~270k iterations).
✓ Pros: Higher accuracy but 3× slower.

3.4. Metrics

In computer vision, the rigorous evaluation of detection and segmentation models
requires metrics that assess not only spatial accuracy but also consistency under varying
conditions such as scale, occlusion, and annotation quality. In this work, we utilize standard
metrics like mean average precision (mAP), AP50, and AP75, which are widely accepted in
the literature (e.g., COCO and Pascal VOC) for their effectiveness in quantifying the trade-
off between recall and precision across multiple Intersection over Union (IoU) thresholds.

3.4.1. Intersection over Union

Intersection over Union (IoU) is a key metric used in object detection and segmentation
to measure the accuracy of a prediction in comparison to a ground-truth annotation. It is
calculated by taking the ratio of the area of overlap (the intersection) between the predicted
bounding box or mask and the ground-truth annotation, to the total area covered by both
the predicted and ground-truth areas (the union) [90].

IoU =
Area of overlap
Area of union

(1)

3.4.2. Average Precision

The average precision (AP) metric is essential for assessing detection and segmentation
models in realistic, non-iconic environments, like those found in the COCO dataset. AP
combines precision (the accuracy of predictions) and recall (the ability to detect all relevant
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objects), providing a balanced measure of performance in complex scenarios [91]. These
scenarios can include situations where objects are occluded, set against chaotic backgrounds,
or viewed from non-standard perspectives. Standard thresholds: 0.5 (AP50) and 0.75 (AP75).
An IoU ≥ 0.5 is a valid detection in most benchmarks (e.g., COCO) [91].

The mAP is the average of the sum of the average precisions (APs) for each class:

mAP =
1
n∑k=n

k=1 APk (2)

AP = ∑k=n
k=1 [Recalls(k)− Recalls(k + 1)] ∗ Precisions(k) (3)

where:
n: number of classes;
k: k-th prediction;
APk: average precision per class;
AP50: evaluates with a minimum IoU of 0.5 (“good enough” detections);
AP75: requires higher spatial precision (IoU ≥ 0.75), relevant for critical applications.
Standardizing the use of average precision (AP) across various thresholds enables fair

comparisons between different architectures. This method encourages the development of
models that can generalize well under real-world conditions, balancing both accuracy and
adaptability [91].

3.5. Model Configuration and Training Parameters for Base Line

This study assessed the Faster R-CNN and Mask R-CNN models, implemented using
configurations based on pre-trained architectures from the COCO Model Zoo. We chose all
models that were preconfigured in the library.

We applied transfer learning by initializing the model weights with the pre-trained
values from COCO and adjusted only the classification layer (ROI head) to accommodate
the five classes of our custom dataset (NUM_CLASSES = 5). The training was set up with a
base learning rate of 0.001, a batch size of 2 images per GPU (IMS_PER_BATCH = 2), and a
maximum limit of 2500 iterations (MAX_ITER) to optimize the balance between stability
and computational efficiency.

To manage regions of interest (RoIs), we defined a batch size of 128 instances per
image (BATCH_SIZE_PER_IMAGE), ensuring speed while maintaining accuracy in small
detection scenarios. Validation was conducted every 50 iterations (EVAL_PERIOD = 50)
using a separate validation dataset.

Detectron2 utilizes the Stochastic Gradient Descent (SGD) optimizer with momentum
by default. This configuration involves a momentum value of 0.9 and an L2 weight decay
(regularization) of 0.0001. The SGD optimizer was chosen for its effectiveness in computer
vision tasks, particularly when working with pre-trained models on extensive datasets like
COCO. The momentum helps accelerate convergence by smoothing gradient updates in
consistent directions, while weight decay prevents overfitting by penalizing large weights
in the network. The base learning rate is set at 0.001 and remains untuned to prioritize
training stability due to the use of transfer learning. Although SGD is the default option,
Detectron2 provides the flexibility to implement other optimizers, such as Adam. However,
for this initial experiment, the standard configuration was followed. Finally, the original
dataset without balancing was split into 70% for training, 20% for validation, and 10%
for testing.

3.6. Hyperparameter Optimization

Hyperparameter optimization is a crucial step in enhancing model performance for
deep learning applications, especially when deploying pre-trained architectures on custom
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datasets that have specific domain constraints. In this study, we utilized Bayesian optimiza-
tion through the scikit-optimize (skopt) library to efficiently navigate the hyperparameter
search space of the two best-performing models identified in our baseline experiments:
Faster R-CNN X-101-32x8d-FPN-3x and Mask R-CNN X-101-32x8d-FPN-3x.

We selected Bayesian optimization over grid search and random search because it
can model the underlying objective function using probabilistic surrogate models, such as
Gaussian processes [92,93]. This method strategically balances exploration and exploitation
through an acquisition function. As a result, it typically requires fewer iterations to converge
on an optimal or near-optimal set of hyperparameters, making it computationally efficient
for time-consuming training processes associated with deep convolutional architectures.

3.7. Confidence Heatmaps for Object Detection

In the context of precision agriculture, accurate and interpretable object detection is
essential for supporting automated phenotyping, yield estimation, and decision-making
systems. In this study, we implemented confidence heatmaps as an additional inter-
pretability tool to assess how the Faster and Mask R-CNN models spatially distribute their
confidence over cacao pod predictions. This visualization was particularly valuable for
identifying detection gaps in heterogeneous field conditions, such as occlusions by branches
or leaves, lighting variability, and varying fruit maturity stages. By observing where the
model assigns high or low confidence, we were able to better understand its behavior,
especially in complex visual scenes. This insight is crucial in agricultural environments,
where undetected or misclassified fruits can significantly impact productivity measure-
ments. Thus, incorporating confidence heatmaps helped guide improvements in dataset
balancing, model optimization, and post hoc error analysis, ultimately contributing to the
robustness and transparency of AI tools used in precision agriculture. Areas with high
overlap between bounding boxes and elevated confidence values result in more intense
heatmap regions, typically displayed in warmer colors (e.g., red or orange). Conversely,
areas with low confidence appear in cooler tones (e.g., blue or green).

This method serves both diagnostic and interpretative purposes. It allows us to achieve
the following:

1. Identify missed detections—regions with visible objects but low or no heat response;
2. Assess the spatial uncertainty of predictions;
3. Evaluate potential confusion between classes in ambiguous contexts.

This technique draws inspiration from earlier work on visual explanations for deep
learning models in classification and detection tasks. Similar heatmap-based methods have
been widely adopted for interpreting convolutional neural networks (CNNs), notably in
the work of Zhou et al. in 2016 [94], who introduced Class Activation Mapping (CAM), and
later by Selvaraju et al. in 2017 with Grad-CAM [95]. However, those methods typically
focus on class relevance in feature maps rather than detection confidence per region.

4. Results
4.1. Baseline Results
4.1.1. Top Performer Selection: Comparative Analysis of the Four Models with the Highest
mAP in Faster R-CNN and Mask R-CNN

Table 2 presents the four best models evaluated in the experiment with the original
dataset (without data augmentation or balancing), comparing the performance of the Faster
R-CNN and Mask R-CNN architectures under various configurations. The table summa-
rizes key metrics, including the mean average precision (mAP) and average precisions
(APs) at 50% and 75% Intersection over Union (IoU) thresholds, along with performance cat-
egorized from c1 to c4. The results indicate that the Faster_R_CNN_X_101_32x8d_FPN_3x
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variant achieved the highest mAP of 64.145, outperforming the other models across most
metrics. Additionally, it is noted that configurations utilizing ResNeXt-101 (X_101) gener-
ally perform better than those based on ResNet-50 (R_50), highlighting the considerable
influence of the backbone architecture on model performance. The detailed values obtained
are listed below:

Table 2. Top four models ordered from highest to lowest performance.

Model mAP AP 50 AP 75 c1 c2 c3 c4

faster_rcnn_X_101_32x8d_FPN_3x 64.145 72.284 71.362 69.005 67.080 74.878 92.417

mask_rcnn_X_101_32x8d_FPN_3x 60.812 65.863 65.23 72.169 57.696 72.983 87.743

faster_rcnn_R_50_C4_3x 60.360 70.196 69.006 63.957 56.812 74.440 88.846

mask_rcnn_R_50_DC5_3x 59.875 66.451 65.486 63.335 64.04 71.388 89.419

The attached graphs (Figures 9–12) illustrate the evolution of average precision and
loss during the training of the top-performing models in the experiments with Faster
R-CNN and Mask R-CNN. Figures 6 and 8 show the trend of the average precision metric
for the two best models of each architecture, demonstrating stable convergence in models
with more complex backbones (e.g., X_101_32x8d_FPN).

On the other hand, Figures 10 and 12 detail the gradual reduction of loss during train-
ing, indicating effective optimization, especially in configurations like faster_rcnn_X_10-
1_32x8d_FPN_3x (Figure 9a), which exhibits a smoother curve compared to lower-capacity
models (e.g., R_50).

  
(a) (b) 

Figure 9. Training graphs of average precision for the top two models of the Faster RCNN architecture:
(a) faster_rcnn_X_101_32x8d_FPN_3x; (b) faster_rcnn_R_50_C4_3x.

  
(a) (b) 

Figure 10. Training loss graphs for the three best models of the Faster RCNN architecture:
(a) faster_rcnn_X_101_32x8d_FPN_3x; (b) faster_rcnn_R_50_C4_3x.
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(a) (b) 

Figure 11. Training graphs of average precision for the top two models of the Mask RCNN architec-
ture: (a) mask_rcnn_X_101_32x8d_FPN_3x; (b) mask_rcnn_R_50_DC5_3x.

  
(a) (b) 

Figure 12. Training loss graphs for the top two models of the Mask RCNN architecture:
(a) mask_rcnn_X_101_32x8d_FPN_3x; (b) mask_rcnn_R_50_DC5_3x.

These graphs not only validate the superior performance of the X_101 vari-
ants—consistent with the mAP values—but also highlight the differences in convergence
speed and stability between the architectures. Combining these visualizations with the
tabular data provides a comprehensive understanding of the trade-offs between accuracy
and efficiency for each model.

4.1.2. Comprehensive Performance Evaluation: Comparative Metrics of mAP, AP50/75,
and Specific Categories in Faster R-CNN and Mask R-CNN Models

Tables 3 and 4 provide a detailed performance analysis of the Faster R-CNN and
Mask R-CNN architectures on the test set, respectively. These tables compare various
model configurations, emphasizing key metrics such as mAP, AP50 (precision at a 50% IoU
threshold), AP75 (precision at a 75% IoU threshold), and performance across different
categories (c1 to c4).

In Table 3, which focuses on Faster R-CNN, the best model, named faster_rcnn_X_10-
1_32x8d_FPN_3x, stands out with an mAP of 64.145%. This performance significantly
surpasses that of configurations based on ResNet-50 (R_50), highlighting the advantages of
more complex backbone architectures, such as ResNeXt-101. Additionally, it is evident that
models trained with 3x training schemes (longer training duration) generally outperform
those trained with 1x schemes. For example, faster_rcnn_R_50_C4_3x achieved an mAP of
60.360%, compared to faster_rcnn_R_50_C4_1x, which had an mAP of 59.820%.

Table 4, which focuses on Mask R-CNN, indicates that the model mask_rcnn_X_10-
1_32x8d_FPN_3x achieves the highest mean average precision (mAP) of 60.812%. This result
is closely followed by the mask_rcnn_R_50_DC5_3x model, which has an mAP of 59.875%.
Notably, the mask_rcnn_R_50_DC5_3x model excels in specific categories, achieving an
impressive 89.419% in the c4 category, even surpassing the X_101 model in this metric.
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These findings suggest that while more advanced backbone architectures generally enhance
overall performance, certain configurations can be optimized for specific categories.

Table 3. Results of the average precision metric on the test set for each Faster-RCNN network.

Average Precision (AP) % (Test Subset)

Model mAP AP 50 AP 75 c1 c2 c3 c4

faster_rcnn_X_101_32x8d_FPN_3x 64.145 72.284 71.362 69.005 67.080 74.878 92.417

faster_rcnn_R_50_C4_3x 60.360 70.196 69.006 63.957 56.812 74.440 88.846

faster_rcnn_R_50_C4_1x 59.820 70.232 68.882 65.383 60.495 70.280 88.894

faster_rcnn_R_50_FPN_1x 59.518 69.799 68.832 65.459 57.188 76.177 83.568

faster_rcnn_R_101_C4_3x 58.991 67.047 65.274 61.463 57.751 77.022 92.590

faster_rcnn_R_50_DC5_3x 57.761 66.670 65.344 59.756 60.859 71.373 85.898

faster_rcnn_R_50_FPN_3x 55.913 67.250 65.595 57.732 57.693 68.173 83.910

faster_rcnn_R_50_DC5_1x 55.173 64.371 62.453 57.398 45.782 75.916 88.193

faster_rcnn_R_101_FPN_3x 54.123 62.987 63.721 64.543 58.753 72.094 83.642

faster_rcnn_R_101_DC5_3x 54.154 63.555 61.775 64.457 48.593 60.569 84.686

Table 4. Results of the average precision metric on the test set for each Mask-RCNN network.

Average Presicion (AP) % (Test Subset)

Model mAP AP 50 AP 75 c1 c2 c3 c4

mask_rcnn_X_101_32x8d_FPN_3x 60.812 65.863 65.230 72.169 57.696 72.983 87.743

mask_rcnn_R_50_DC5_3x 59.875 66.451 65.486 63.335 64.040 71.388 89.419

mask_rcnn_R_101_FPN_3x 59.371 65.09 63.914 68.499 60.116 76.764 85.199

mask_rcnn_R_50_C4_1x 59.293 65.218 62.48 54.949 58.127 69.118 85.415

mask_rcnn_R_50_C4_3x 59.063 64.446 63.189 68.729 59.160 75.081 89.502

mask_rcnn_R_50_DC5_1x 58.988 64.564 63.266 62.038 64.364 75.639 88.231

mask_rcnn_R_50_FPN_3x 57.785 62.873 62.033 63.072 63.109 72.924 87.946

mask_rcnn_R_50_FPN_1x 57.583 62.595 61.853 64.979 62.024 72.031 88.038

The initial evaluation results revealed noticeable performance differences across mod-
els, particularly in the detection of specific classes (e.g., c2 and c3). While the model
faster_rcnn_X_101_32x8d_FPN_3x achieved the highest overall mAP (64.15%) and strongest
class-level performance (notably 92.42% AP in C4), the relatively lower scores in classes
c2 and c3 indicated potential imbalances affecting the learning process. These findings
motivated a more in-depth investigation including class-specific data balancing, Bayesian
hyperparameter optimization, and a comparative evaluation using YOLOv8-based archi-
tectures to explore improvements in accuracy, robustness, and class-level fairness.

4.2. Enhanced R-CNN Models with Balancing and Tuning

In this study, we focused on two key hyperparameters for the Bayesian optimization
process: the learning rate (lr) and the optimizer. This choice was made because both
parameters significantly impact the training process and the generalization capability of
detection models such as Faster R-CNN and Mask R-CNN. By properly tuning these
two factors, we can achieve substantial performance improvements without having to alter
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more structural aspects of the models. The search space for Bayesian optimization was
defined based on two selected hyperparameters, which were chosen as follows:

Learning rate (lr): This parameter was sampled from a log-uniform continuous dis-
tribution in the range [1 × 10−5, 1 × 10−3]. The use of a log-uniform prior allows finer
exploration of small values, which are often critical for stable convergence in deep neu-
ral networks.

Optimizer: This categorical hyperparameter included three widely used options: SGD,
Adam, and AdamW. Each optimizer brings distinct convergence properties and regulariza-
tion effects, making it essential to evaluate their impact within the optimization process.

This design allowed the optimizer to explore both continuous and categorical variables
in a compact yet representative space, balancing expressiveness and computational feasibility.

While there are other important hyperparameters to consider, such as batch size, non-
maximum suppression (NMS) thresholds, and the number of Region Proposal Network
(RPN) proposals, including them would have greatly expanded the search space and
increased the computational complexity of the experiment beyond the scope of this work.
We believe that these additional factors can be explored in future studies.

The optimization was conducted solely on the two architectures that demonstrated the
best initial performance during the base training sessions: faster_rcnn_X_101_32x8d_FPN_3x
and mask_rcnn_X_101_32x8d_FPN_3x. Below, we present the results of the Bayesian
search, including the evolution of the objective function and the distribution of the evaluat-
ed combinations.

In total, twenty evaluations of the search space were conducted, as demonstrated in
the convergence graph below. This visualization illustrates how the optimization process
was effectively directed toward the best-performing areas of the space.

Figure 13 summarize the results of the Bayesian hyperparameter optimization per-
formed on the faster_rcnn_X_101_32x8d_FPN_3x model. The search focused on two key
parameters, the learning rate (lr) and the optimizer, as they are known to have a critical
influence on convergence speed and generalization performance in deep convolutional
detection architectures.

 
 

(a) (b) 

Figure 13. Bayesian hyperparameter optimization for Faster R-CNN X-101-32x8d-FPN-3x: (a) search
space exploration and performance distribution; (b) convergence curve of the optimization process.

Figure 13a presents the relationship between the learning rate (lr), optimizer type, and
model performance as evaluated during Bayesian optimization. Each point in the central
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plot corresponds to a specific configuration of hyperparameters (optimizer × learning rate),
colored by performance level (e.g., from “very low” to “maximum” performance). The red
star indicates the best-performing combination, which corresponded to Adam with a learn-
ing rate of approximately 1 × 10−3. The histograms show that most of the search iterations
concentrated around higher learning rates and favored SGD over other optimizers.

The red star marks the best configuration found, which corresponds to a learning rate
of 1 × 10−3 and the Adam optimizer. Notably, although the SGD optimizer was frequently
sampled, the best results were consistently obtained using Adam, reinforcing its suitability
for this model when paired with an appropriately tuned learning rate.

Figure 13b shows the convergence plot of the Bayesian optimization process over
20 iterations. The y-axis represents the best (lowest) value of the objective function found
up to that iteration (in this case, the negative mAP, since the optimization process minimizes
the function). The clear drop after iteration 6 indicates a rapid improvement in performance
once a promising region of the search space was found. From iteration 7 onward, the
function stabilizes, showing convergence around a minimum value, which corresponds to
the configuration identified as optimal.

Together, these results not only identify a strong hyperparameter setting for the model
but also illustrate the utility of Bayesian optimization in efficiently guiding hyperparameter
tuning. These findings provided the foundation for further comparative experiments
including other hyperparameters and final model training.

Figure 14a shows the Bayesian hyperparameter optimization space applied to the
mask_rcnn_X_101_32x8d_FPN_3x model. There is a noticeable concentration of tests
around a learning rate of 1 × 10−3 using the Adam optimizer, indicating that the search
algorithm found these combinations to be promising. However, the best result was achieved
with the SGD optimizer and a learning rate of 0.001. This reinforces the importance of
systematically exploring the hyperparameter space, even in less frequently tested regions.

 
 

(a) (b) 

Figure 14. Bayesian hyperparameter optimization for Mask R-CNN X-101-32x8d-FPN-3x: (a) search
space exploration and performance distribution; (b) convergence curve of the optimization process.

Figure 14b displays the convergence behavior of the Bayesian optimization process
applied to the Mask R-CNN architecture. The curve represents the best value of the
objective function (in this case, the negative mAP) found up to each iteration.

Initially, during the first six evaluations, the performance remained relatively flat,
indicating that the configurations tested in the early phase did not yield significant im-
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provements. However, a sharp drop occurred around iteration 7, where the optimizer
identified a region of the hyperparameter space (specifically involving a higher learning
rate and the SGD optimizer) that resulted in a notable increase in model performance.

4.3. Comparative Performance Analysis of Faster R-CNN, Mask R-CNN, and YOLOv8

In recent years, YOLO (You Only Look Once) models have emerged as a leading
choice for real-time object detection due to their speed, efficiency, and high accuracy. This is
especially true in various applications, including those in agriculture. Comparing R-CNN
architectures with the latest YOLOv8 models is crucial not only for quantifying performance
differences but also for understanding the trade-offs between detection accuracy and
computational costs. This comparison is particularly relevant in agricultural settings, where
deployments may involve edge devices, UAVs, or mobile platforms with limited resources.

4.3.1. Training Configuration for Faster R-CNN and Mask R-CNN

For the Faster R-CNN X-101-FPN architecture, transfer learning was performed start-
ing from COCO-pretrained weights. To maintain a balance between generalization and
task-specific learning, only the initial two convolutional blocks of the backbone were frozen
(i.e., FREEZE_AT = 2), preserving foundational visual features while allowing the deeper
layers to adapt to cacao pod detection.

The training was performed using the Adam optimizer, which was selected based on
results from Bayesian hyperparameter optimization. The learning rate was set to 0.001,
with standard β1 = 0.9 and β2 = 0.999 values. No learning rate decay (SOLVER.STEPS = [])
was applied, allowing the optimizer to maintain a consistent update rate throughout the
training process. A weight decay of 0.0001 was used to regularize learning.

The training ran for 5000 iterations, with a batch size of 8 images and 128 sampled ROIs
per image during the ROI training phase. No early stopping was applied, but performance
on the validation set was monitored periodically.

For the Mask R-CNN X-101-FPN model, a partial fine-tuning approach was imple-
mented to balance generalization and specialization. Specifically, the first two residual
blocks of the backbone network were frozen to retain general visual features, while the
deeper layers remained trainable to capture task-specific patterns. Additionally, the pro-
posal generator (RPN) and feature extraction components of both the bounding box and
mask heads were also frozen. This strategy was intended to reduce overfitting, accelerate
convergence, and limit the number of trainable parameters in the early training stages.

The model was optimized using Stochastic Gradient Descent (SGD) with a momentum
of 0.9. The learning rate, determined via Bayesian optimization, was fixed at 0.001 through-
out training. No learning rate decay or scheduling was applied during the 5000 iterations
of training. Evaluation was performed every 200 iterations on the validation set to monitor
learning progression.

A batch size of 8 images and 128 proposals per image were used during training.
The total number of classes in the detection and segmentation heads was set to five,
corresponding to the annotated categories in the cacao dataset. Although no explicit early
stopping criterion was enforced, the evaluation frequency allowed continuous monitoring
and ensured that training could be manually halted if overfitting was observed.

4.3.2. Training Configuration for YOLOv8

To ensure a fair comparison with the R-CNN models, the YOLOv8x and YOLOv8l-seg
architecture—comparable in size and complexity to Faster and Mask R-CNN X-101—was
trained under similar hyperparameter conditions. The model was initialized with COCO-
pretrained weights (yolov8x.pt) and fine-tuned using the cacao pod dataset.
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The training was conducted over 100 epochs, approximately equivalent to 5000 itera-
tions in the Detectron2 framework, assuming a batch size of 8. Key hyperparameters were
aligned with those used in the R-CNN models: the initial learning rate was set to 0.001,
the batch size was 8, and Adam was used as the optimizer with a weight decay of 0.0001.
These values mirror the configuration applied in both Faster and Mask R-CNN setups.

To control overfitting and speed up convergence, the first 10 layers of the YOLOv8 back-
bone were frozen (freeze = 10), a practice analogous to freezing the first two blocks in the De-
tectron2 configurations (FREEZE_AT = 2). The input resolution was set to 640 × 640 pixels,
ensuring consistency with common YOLOv8 benchmarks and maintaining a good trade-off
between speed and accuracy.

All training outputs and logs were saved to a designated project directory for re-
producibility and further analysis. This configuration allows direct comparison with
R-CNN-based approaches, providing insight into the relative strengths of real-time detec-
tion architectures in the context of precision agriculture and cacao pod phenotyping.

4.3.3. Comparative Performance of R-CNN and YOLOv8 Models

Table 5 presents a comprehensive evaluation of four models—YOLOv8x, YOLOv8l-
seg, Faster R-CNN X-101-32x8d-FPN-3x, and Mask R-CNN X-101-32x8d-FPN-3x—based
on average precision (AP) metrics across the complete test set and per class (C1 to C4).
YOLOv8x, a high-capacity detection model, achieved the best overall results with a mean
average precision (mAP) of 86.36%, AP50 of 91.80%, and AP75 of 90.68%. It demonstrated
outstanding per-class performance, particularly in classes C3 (91.52%) and C4 (94.90%).
Despite its strong performance, class C1 showed a comparatively lower AP (69.60%), likely
due to small object size or class imbalance—an issue observed across all models.

Table 5. Comparative performance of R-CNN and YOLOv8 models on the test subset.

Average Precision (AP) % (Test Subset)

Model mAP AP 50 AP 75 c1 c2 c3 c4

YOLO V8x (bbox) 86.360 91.800 90.676 69.601 86.400 91.520 94.900

YOLO V8l seg 83.855 88.220 87.898 55.300 87.000 89.000 95.600

mask_rcnn_X_101_32x8d_FPN_3x 73.205 80.347 76.895 47.310 70.551 79.068 92.634

faster_rcnn_X_101_32x8d_FPN_3x 67.747 82.227 75.973 45.656 68.446 71.440 84.192

YOLOv8l-seg, the segmentation variant, showed slightly lower performance in
mAP (83.86%) and AP50 (88.22%) compared to YOLOv8x. However, it achieved superior
performance in class C4 (95.60%) and comparable results for C2 (87.00%) and C3 (89.00%).
Interestingly, it had the lowest AP for C1 (55.30%), reinforcing the challenge in detecting
smaller or less distinct instances of this class using segmentation architectures.

Faster R-CNN X-101-32x8d-FPN-3x, although a strong baseline in the R-CNN family,
underperformed compared to YOLO models with an mAP of 67.75%. The model particu-
larly struggled with class C1 (45.66%), suggesting limitations in detecting small or occluded
pods. Still, it performed reasonably in C4 (84.19%) and showed solid AP50 (82.23%), indi-
cating that it can detect objects at lower IoU thresholds effectively.

Mask R-CNN X-101-32x8d-FPN-3x, designed for instance segmentation, outperformed
its detection-only counterpart in all metrics, with an mAP of 73.21% and stronger scores
across C2 (70.55%), C3 (79.07%), and C4 (92.63%). Its class C1 performance (47.31%),
although better than Faster R-CNN, remained lower than YOLOv8x, confirming persistent
detection challenges for this category.
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The comparative analysis reveals that YOLOv8x consistently achieves the highest
overall and per-class precision, outperforming all other models. Instance segmentation
architectures—particularly YOLOv8l-seg and Mask R-CNN—show strong performance
on class C4, likely due to the clearer boundaries of mature cacao pods. However, all
models struggle with class C1, possibly due to its small size, visual blending with the
background, or class imbalance, indicating a need for targeted augmentation or advanced
feature extraction. Notably, Mask R-CNN outperforms Faster R-CNN, underscoring the
added value of segmentation capabilities in complex agricultural imagery. These findings
emphasize the robustness of real-time detectors like YOLOv8 and motivate further research
into segmentation-based improvements and class-specific refinements.

Figure 15 shows average precision curves during training. The training curves reveal
that YOLOv8x achieved the highest and most stable average precision (~0.89), converging
rapidly and consistently, followed closely by YOLOv8l-seg (~0.86), which also showed
smooth progression despite minor early fluctuations. In contrast, Faster R-CNN reached a
final AP of ~70 but exhibited greater variability throughout training, while Mask R-CNN
showed more stable learning, converging around ~66. These results indicate that YOLOv8
models not only train more efficiently but also outperform R-CNN architectures in this task,
though Mask R-CNN offers robust and consistent learning, making it suitable for complex
segmentation scenarios in precision agriculture.

  
(a) (b) 

  
(c) (d) 

Figure 15. Average precision curves during training for each model: (a) faster R-CNN, (b) mask
R-CNN, (c) YOLOv8x, and (d) YOLOv8l-seg.

4.4. Qualitative Analysis: Object Detections in Test Images

Below are some representative cases of detections from the evaluated networks in
which some detection failures can be identified.
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Figure 16 presents several examples from the Faster R-CNN network. Figure 16a
features multiple cacao pods, where a false positive is observed: a yellow leaf of the tree
(indicative of chlorosis) is incorrectly identified as a class 4 cocoa pod (c4). Meanwhile,
among the three larger reddish pods nearby, only two were accurately detected. These
missed detections may be attributed to color similarity between the undetected pods and
the surrounding branch or to the presence of occlusions by leaves. The model may also
have undertrained on these color tones, especially if reddish pods were underrepresented
in the training data. False positives like these highlight the need for more robust color
diversity in the dataset.

 
(a) (b) 

  
(c) (d) 

Figure 16. Faster R-CNN (enhanced model) detection outcomes for cacao pods under challenging
field scenarios (a–d), the numbers 1 to 4 on the bbox correspond to classes c1 to c4.

Three cacao pods are visible in Figure 16b: one in the foreground (detected), one in
the background (detected), and a third partially visible near the top (missed). The large
pod in the foreground is confidently detected, but the third pod goes undetected, likely
due to partial visibility and shadow occlusion, which affect the model’s ability to localize it.
The confidence scores of the two detected pods are relatively low (~0.89–0.97), suggesting
marginal certainty, possibly due to visual clutter from the forest floor.
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In Figure 16c, this image presents two well-exposed pods: one red–yellow pod and one
purple pod. Only the red pod is detected, while the darker pod remains undetected despite
its visibility. This could stem from illumination imbalance or a bias in class confidence
toward brighter, more saturated colors. The high confidence for the red pod indicates
that the model can handle high-contrast instances but struggles with low-texture or less
saturated objects.

Figure 16d is a complex scene with at least seven cacao pods of various colors and
orientations. Only four bounding boxes are shown, meaning at least three pods are not
detected. Some of the missed pods are partially occluded or facing away from the camera,
introducing geometric and visual challenges. Additionally, the rotation of the image may
have impacted detection robustness, suggesting that the model is sensitive to angular
variance and may benefit from rotation-invariant augmentation during training.

The following Figure 17 illustrates qualitative results obtained from the Mask R-CNN
model applied to cacao pods under field conditions. These samples were selected to
highlight both successful detections and notable failure cases.

In the first image (Figure 17a), although the central pod is correctly segmented, the
surrounding pods—especially those partially occluded or with color blending into the
background—are entirely missed. This omission suggests the model’s limited sensitivity
to subtle features under occlusion or low-contrast conditions, particularly for mature or
partially hidden fruits.

The second image (Figure 17b) shows a similar trend: while the central pod is detected
with high confidence, the smaller pod in the background remains undetected. The missed
detection could be attributed to its relative scale, background camouflage, or insufficient
representation in the training set, particularly for less prominent pod orientations.

In the third image (Figure 17c), an evident misclassification occurs. The pod on the left,
which visually corresponds to class C3, was incorrectly assigned to class C4. This confusion
may arise from transitional pod coloring between maturity stages, a known challenge in
phenotyping where color boundaries are not always well-defined.

  
(a) (b) 

Figure 17. Cont.
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(c) (d) 

Figure 17. Mask R-CNN (enhanced model) detection outcomes for cacao pods under challenging
field scenarios. The variation in colors is caused by the segmentation of different instances (a–d), the
numbers 1 to 4 on the bbox correspond to classes c1 to c4.

The fourth image (Figure 17d) presents a visually complex scene with overlapping and
variably illuminated pods. Despite the cluttered background and occlusions, the model
demonstrates robust performance by successfully detecting and segmenting multiple
instances with high confidence. This result underscores the strength of Mask R-CNN in
managing crowded environments, though minor pods remain undetected, reinforcing the
need for improved recall in fine-grained detection.

These observations support the importance of dataset diversity, tailored data augmen-
tation, and potentially class-aware or attention-enhanced architectures to handle the full
spectrum of pod appearances encountered in real-world conditions.

4.5. Qualitative Evaluation: Confidence Heatmaps and Detection Performance

To further analyze the behavior of the detection model, we selected a representative set
of test images and overlaid confidence heatmaps. These visualizations indicate the intensity
and localization of the model’s detection confidence through colored bounding boxes.

In the first image (Figure 18a), the model successfully identifies several cocoa pods
in the foreground with medium confidence (shown as green to orange). However, it fails
to detect a large pod that is partially occluded in the top-left quadrant. The absence of
bounding boxes or heat activation in this area suggests that the model did not pay attention
to this region, likely due to visual obstructions such as branches or inadequate lighting.

In the second image (Figure 18b), while most pods are correctly detected, one detection
shows a significantly low confidence score (indicated by a yellow box) and is misaligned
with the ground-truth. This suggests a localization issue, potentially due to insufficient
representation of that pod’s morphology or lighting conditions in the training data.

In the third image (Figure 18c), three mature cocoa pods are accurately detected with
high confidence (bright orange heatmap). However, a pale pod in the background is
completely overlooked, highlighting a bias in the model toward the coloration of more
common pod types.

In the fourth image (Figure 18d), a single large pod is confidently detected, but smaller
pods in the lower-left and upper-left regions are missed. This is likely due to variations in
size, scale, or a lack of distinctive features.
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(a) (b) 

  
(c) (d) 

Figure 18. Confidence-based heatmaps from Faster R-CNN (enhanced model) predictions for cacao
pod detection (a–d).

These examples illustrate the following possible points:

- The model performs well when pods are fully visible and well-lit.
- Errors often occur when pods are partially occluded, have unusual colors, or are

smaller in scale.
- Confidence heatmaps provide insights into the regions the model focuses on and those

it overlooks.

These findings suggest opportunities for improvement, such as the following:

- Augmenting the training data with varied lighting conditions, occlusions, and less
common pod appearances;

- Implementing multi-scale attention mechanisms or context-based detection heads to
enhance detection performance in complex backgrounds.

To further evaluate the performance of the trained Mask R-CNN X_101_32x8d_FPN_3x
model, we also generated confidence heatmaps based on the predicted segmentation masks
(Figure 19). These visualizations highlight the regions where the model assigns high
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confidence to its predictions, allowing us to qualitatively evaluate detection robustness
across different classes and object scales.

In Figure 19a, this image contains multiple cacao pods in varying maturity stages. The
larger pods (presumably classes c3 and c4) are detected with high confidence, as indicated
by their intense red-orange overlays. However, the smaller pods located in the lower
region of the image—corresponding to class c1—exhibit lower intensity in the heatmap,
suggesting weak confidence scores. In some cases, these pods appear partially segmented
or entirely missed by the model, highlighting the difficulty in detecting class c1 under
visual occlusion and cluttered foliage.

 
(a) (b) 

  
(c) (d) 

Figure 19. Confidence-based heatmaps from Mask R-CNN (enhanced model) predictions for cacao
pod detection (a–d).

The scene in Figure 19b presents a cluster of relatively small green pods aligned on a
horizontal branch. All of them likely belong to class c2. While the model manages to localize
most of the instances, the heatmap intensity is overall weaker compared to other classes,
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indicating lower detection confidence. Some objects appear under-segmented or merged,
reinforcing the model’s limited ability to distinguish between adjacent small instances.

The image in Figure 19c contains a mix of pods of various classes and scales. Larger
pods on the foreground tree trunk are well captured by the model, but again, the smaller
pods at the top and on the thinner branches (likely c1) are detected with lower confidence
or omitted entirely. The heatmap here reveals the spatial bias of the model—focusing more
on central and prominent objects while overlooking those on the periphery.

Finally, in Figure 19d, the model successfully segments the two large pods (likely class
c4 or c3) and one small pod (likely class c1) with strong confidence, as seen by the vibrant
red-orange masks. In contrast, a pod on the upper left side of the tree remains undetected
probably due to occlusion from the branches of the tree, suggesting a false negative for
class c3. This further emphasizes the challenge of occluded pods.

5. Discussion
The findings of this study highlight the relevance and applicability of region-based

convolutional neural networks (R-CNN), particularly Faster R-CNN and Mask R-CNN, for
object detection and instance segmentation tasks within precision agriculture. By applying
these models to the specific challenge of detecting cacao pods at different developmental
stages, we explored their strengths and limitations in a real-world agricultural context,
characterized by high intra-class variability, occlusions, and natural background noise.

The experimental results indicate that Mask R-CNN outperforms Faster R-CNN in
terms of class-specific detection accuracy, particularly for visually complex and mature
pods (class c4). This supports the hypothesis that segmentation-based approaches, which
provide both bounding box detection and pixel-wise masks, are advantageous in situations
where object boundaries are irregular and contextual contrast is low. The improved perfor-
mance in detecting class c4 can be attributed to the model’s ability to delineate pod contours
more accurately, reducing overlap confusion and enhancing spatial awareness—factors
that are crucial in agriculture, where fruit counting and yield estimation depend on pre-
cise localization.

On the other hand, both Faster R-CNN and Mask R-CNN consistently faced challenges
with early-stage pods (class c1), which are often smaller, less distinct from surrounding
foliage, and more prone to occlusion. Despite employing selective data augmentation and
class balancing strategies, this detection gap highlights the need for further improvements
in feature representation—such as incorporating attention mechanisms or enhanced multi-
scale feature fusion—to improve performance on smaller objects. This issue is particularly
significant in agronomic monitoring, where early detection of pod development is vital for
effective decision-making in disease control and harvest planning.

While YOLOv8 models were not the primary focus of this study, they were included
as a benchmark to compare the performance of real-time detectors against R-CNN archi-
tectures. Interestingly, YOLOv8x and YOLOv8l-seg demonstrated superior overall mean
average precision (mAP) and average precision (AP) metrics, especially in classes c3 and c4.

To further improve performance, Bayesian optimization was applied to tune key
hyperparameters (learning rate and optimizer type) for both Faster R-CNN and Mask
R-CNN. The search space was kept minimal to ensure feasibility, focusing on the most
impactful parameters. The results showed measurable improvements in the overall mAP of
both models, especially for Mask R-CNN, which benefited from the fine-tuning of learning
rate and the use of SGD as the optimizer. These optimized configurations contributed to
higher recall in validation subsets and better generalization to test data.

Heatmap-based confidence visualizations helped localize model uncertainty and
guided the identification of failure cases. For instance, pods that were not detected often
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fell outside the high-confidence regions, suggesting either insufficient feature representation
or suppression during the non-maximum suppression step. Error analysis of detection
outputs revealed important model limitations. Several qualitative samples showed missing
detections, especially of small or partially occluded pods, and occasional misclassification
between similar maturity stages (e.g., c3 being confused with c4).

Ultimately, this comprehensive evaluation suggests that while Faster and Mask
R-CNN architectures are valuable for their robustness and interpretability, modern models
like YOLOv8x offer superior precision and inference efficiency, which are particularly
advantageous for real-time deployments in agricultural environments. Nonetheless, the
integration of interpretable visual diagnostics and targeted fine-tuning remains essential
for adapting any architecture to the complexities of field-based crop detection.

6. Conclusions
6.1. Findings

Given the proven effectiveness of R-CNN-based architectures in handling tasks that
require precise region-based reasoning, this study deliberately focused on evaluating Faster
R-CNN and Mask R-CNN within the domain of precision agriculture. These models
have consistently demonstrated their value in applications involving the identification
of crops, fruits, and plant structures, especially in scenarios where object boundaries are
irregular and visual context is complex. Their inherent ability to combine object localization
with high-resolution feature extraction makes them particularly suitable for agricultural
datasets like cacao pod detection, where accurate instance differentiation is critical for
practical field interventions. Consequently, our analysis centers on these architectures to
better understand their strengths, limitations, and potential for deployment in real-world
agricultural monitoring systems.

By comparing their performance with that of cutting-edge YOLOv8 variants on a
dataset of cacao pods, this research provides a benchmark using a state-of-the-art architec-
ture for the agricultural AI community. The analysis includes class-specific performance
(e.g., for pods at different maturity stages), interpretability through heatmaps and acti-
vation analysis, and model refinement via Bayesian hyperparameter optimization. This
contribution is particularly relevant for researchers aiming to deploy or enhance deep
learning models for tasks such as yield estimation, phenotyping, or disease detection. The
findings highlight not only the strengths of R-CNN models in handling complex shapes
and occlusions but also their limitations in detecting small or subtle features—guiding
future work on model improvement, data augmentation, and deployment in real-world
agricultural systems.

The results confirm that YOLOv8x achieves the highest performance in terms of
mean average precision (mAP) and per-class accuracy, especially for well-defined, mature
pods. However, the segmentation capabilities of Mask R-CNN and YOLOv8l-seg also
demonstrate strong performance in visually distinct categories, supporting the value of
pixel-level supervision in complex agricultural scenes.

The implementation of Bayesian optimization improved model configurations, partic-
ularly for Mask R-CNN, highlighting the importance of hyperparameter tuning in boosting
model generalization.

The use of an explainability tool such as confidence heatmaps revealed detection
failures, including small pod omissions and class confusions, guiding future strategies for
model refinement and dataset balancing.

These findings emphasize the need for targeted improvements in the detection of early-
stage pods (c1), which remain challenging due to visual ambiguity and class imbalance.
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Future work should explore class-specific data augmentation, attention mechanisms, and
the incorporation of multispectral or depth information to enhance feature discrimination.

Overall, this research reinforces the potential of deep learning for automating phe-
notyping and crop monitoring in tropical agriculture, offering scalable and accurate tools
for yield estimation, selective harvesting, and input optimization. The methodologies and
insights presented here provide a robust foundation for deploying AI-powered detection
systems in precision cocoa production and beyond.

6.2. Limitations

This study presents several limitations that should be considered when interpreting
the results. First, the performance gap observed in c1 suggests that small object detec-
tion remains a significant challenge, exacerbated by occlusions, low contrast, and visual
similarities with the background.

Second, all models were trained and evaluated on images acquired under similar
environmental conditions and camera perspectives. This may reduce their robustness
when applied to real-world scenarios involving variations in lighting, foliage density, or
pod orientation. Moreover, the models were trained on 2D RGB imagery, potentially
limiting their capacity to capture volumetric or textural cues relevant to pod development
or damage.

A further limitation is the scope of hyperparameter optimization. While Bayesian
optimization was applied to refine the learning rate and optimizer selection, other important
parameters—such as batch size, feature extractor depth, or anchor settings—remained fixed
due to computational constraints. Additionally, the absence of early stopping and the
use of a fixed number of iterations or epochs may have led to suboptimal convergence in
some cases.

One significant limitation of this study is the insufficient reporting on computational
complexity, inference time, and training duration for each evaluated model. Although the
analysis primarily concentrated on detection accuracy metrics like mAP, AP50, and AP75, a
more thorough comparison would benefit from incorporating measures of time efficiency
and resource utilization, specifically, details about runtime performance (such as frames per
second, training time per epoch, and memory footprint). Future iterations of this work will
incorporate a benchmarking section that includes comprehensive hardware descriptions
and performance statistics to more effectively inform real-world applications.

Lastly, while performance metrics like mAP provide valuable benchmarks, they do
not fully capture the agronomic value of predictions in the field. Future studies should
incorporate task-specific evaluation criteria, such as correct identification per tree or per
hectare, to better align with practical decision-making in precision agriculture.

6.3. Future Work

Despite the promising obtained results, several directions for future work have been
identified. First, improving the detection of early-stage pods (c1) remains a critical challenge.
Future studies should prioritize more aggressive class-specific data augmentation, image
resolution enhancement, and attention-based feature extraction to improve discrimination
of small, visually ambiguous objects.

In addition, the integration of multispectral imagery, 3D depth data, or temporal
sequences from drone overflights could enrich the model’s contextual understanding and
robustness under varying field conditions. Extending the annotation scheme to include
occlusion levels and pod orientation could also support more nuanced detection tasks,
including maturity prediction or damage assessment.
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Another area of interest is the implementation of lightweight or edge-deployable
versions of the best-performing models (e.g., YOLOv8-tiny) for real-time inference on
embedded systems, enabling autonomous operation in the field. Finally, the development
of active learning pipelines, where uncertain predictions guide future labeling efforts,
would reduce annotation costs and improve model adaptability across different cocoa-
growing regions.
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