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Abstract.  
Banana is one of the most produced and consumed fruits worldwide, being strategic for precision 
agriculture, especially in applications aimed at intelligent management and automated harvesting. 
Its economic and social relevance in tropical countries reinforces the need for technological 
solutions that increase productive efficiency and reduce losses in the field. In this context, the 
automatic detection of bunches and stalks in a natural environment represents a relevant 
challenge due to occlusion, lighting variations, and the visual similarity between the stalk and the 
pseudostem. In addition, the complexity of the cultivation environment and the morphological 
variability of the plants make it even more challenging to obtain robust and generalizable models 
for field applications. Therefore, this work aimed to evaluate the performance of the Faster R-
CNN model with different backbones in the detection of bunches and stalks of the Prata Catarina 
banana plant, in order to identify the architecture with the best balance between performance and 
operational feasibility. The results indicated that ResNet-50 presented the highest mAP@50 
(47.4% ± 3.7) and mAP@50–95 (25.76% ± 1.84), but with indications of overfitting. DenseNet 
achieved an mAP@50 of 46.81% (± 1.65) and mAP@50–95 of 25.02% (± 0.74), with lower 
variability between folds, in addition to precision of 72.35% (± 1.94) and recall of 58.08% (± 1.8), 
demonstrating a better balance between the metrics. ConvNeXt presented similar performance 
(mAP@50 of 46.26% ± 5.03; mAP@50–95 of 24.09% ± 2.74), but with greater standard deviation. 
EfficientNet presented intermediate performance (mAP@50 of 38.18% ± 3.81; mAP@50–95 of 
19.49% ± 1.49). MobileNetV3 achieved the highest precision (88.03% ± 2.38), but low recall 
(32.35% ± 1.55), resulting in an mAP@50 of 25.27% (± 1.71) and mAP@50–95 of 14.37% (± 
0.3). Considering the balance between precision, recall, mAP, and statistical analysis, DenseNet 
was selected due to the lower variability between folds (± 0.74) and low tendency toward 
overfitting, indicating greater robustness and generalization capability for the proposed task. The 
findings of this study contribute to the advancement of computer vision–based solutions applied 
to fruit farming, providing support for the development of embedded systems and intelligent 
harvesting platforms that are more efficient and reliable. 
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Introduction 
Produced in more than 120 countries, bananas stand out globally as one of the most consumed 
fresh fruits and the one with the highest production volume, occupying about 8.8% of the world's 
cultivated fruit-growing area (de Fátima Vidal, 2024). It is a crop of great nutritional and 
commercial relevance, whose growing demand for intelligent management, productivity 
estimation, and automated harvesting has strongly driven the advancement of precision 
agriculture (Fu et al., 2022; Guru & N, 2025). 
Faced with the demands for automation and increased efficiency in the field, computer vision 
based on Artificial Intelligence is configured as a strategic approach. In this context, deep learning 
algorithms outperform traditional machine learning methods in the extraction of complex visual 
features (Fu et al., 2022). Thus, the accurate identification of bunches and stalks by these models 
constitutes a critical step for the implementation of robots and automated systems in fruit farming 
(Fu et al., 2022). 
However, the rapid and real-time detection of specific plant structures directly in the natural 
environment remains a relevant technical challenge due to factors of occlusion, irregular lighting, 
and, critically, the strong visual and textural similarity between the stalk and the banana 
pseudostem (Fu et al., 2022). 
From a practical point of view, the detection of these two structures serves distinct and 
complementary purposes in the context of banana agricultural production. While the identification 
of bunches acts as an essential indicator for monitoring development and estimating crop 
productivity, the precise detection of the stalk is fundamental for harvesting execution in the 
context of precision agriculture, as it accurately defines the point of intervention in the field (Fu et 
al., 2022). 
On the other hand, due to its reduced dimensions, its higher position on the plant, and the frequent 
occlusion by leaves or dead branches, the stalk becomes a highly difficult target for computer 
vision algorithms, presenting higher false negative rates than the bunch itself (Fu et al., 2022). 
Furthermore, lighting variations typical of the natural environment, such as direct sunlight, 
excessive brightness, or irregular shadows, and changes in viewing angles drastically affect 
classification accuracy, reinforcing the need to evaluate robust architectures capable of 
generalizing these adversities (Guru & N, 2025). 
To address these challenges and automate monitoring, Convolutional Neural Networks (CNNs) 
have brought major advances to computer vision due to their high capacity to extract deep and 
abstract features, serving as the fundamental basis for object detection, which consists of the 
precise localization and classification of targets in an image (Shorten & Khoshgoftaar, 2019). 
For CNNs to achieve high performance and avoid learning overfitting, they intrinsically depend on 
large volumes of training data with high-quality annotations. However, in the agricultural domain, 
the availability of well-structured images is a technical barrier; most public datasets on banana 
crops focus strictly on the individual fruit, neglecting the characteristics and complexity of the 
entire bunch or stalk in the real cultivation environment (Guru & N, 2025). 
Given this limitation of samples, data augmentation approaches become indispensable tools for 
artificially expanding the visual diversity of training, helping the model to better generalize against 
strong variations in lighting, random angles, and occlusions typical of orchards (Guru & N, 2025; 
Mumuni & Mumuni, 2022). 
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Another important factor is that expanding data does not solve all challenges. The computational 
architecture must be robust enough to extract deep features and deal with targets of complex and 
irregular textures, such as banana plant structures (Fu et al., 2022; Neupane et al., 2019). For 
this application, CNNs are essential because they learn rich visual representations from 
topological information, resisting noise and transformations (Hakim et al., 2024). Moreover, in the 
detection of small and dense targets in natural environments, two-stage detectors present 
inherent advantages over single-stage detectors, ensuring greater accuracy in spatial localization 
(Li et al., 2025). 
In this technological scenario, the Faster R-CNN algorithm stands out as a consolidated two-stage 
detection model that employs a Region Proposal Network (RPN) to generate bounding boxes and 
classify objects within the same pipeline, maximizing identification accuracy (Hakim et al., 2024; 
Li et al., 2025). 
The effectiveness of this type of model, however, intrinsically depends on the backbone chosen 
for the image feature extraction stage, with several options such as ConvNext, DenseNet, 
EfficientNet, MobileNet, and ResNet-50, which offer different trade-offs between computational 
cost, the ability to generalize difficult spatial contexts, and the final model accuracy (Jeevan & 
Sethi, 2024; Hakim et al., 2024). 
In addition to deep feature extraction, the implementation of these artificial intelligence systems 
directly in the field requires architectures that are efficient in terms of memory and processing (Fu 
et al., 2022). Evaluations have demonstrated that modern and lightweight convolutional 
architectures are often preferable to models requiring much greater computational resources, 
especially when access to a massive dataset is unavailable (Li et al., 2025). 
Based on this context, selecting feature extraction bases (backbones) designed to operate with 
maximum efficiency is of great importance for achieving high real-time frame rates without 
sacrificing the sensitivity required to distinguish objects so well camouflaged within the foliage (Fu 
et al., 2022). 
However, in the current literature, there is a lack of studies regarding the shortage of robust 
datasets at the whole-bunch level and, simultaneously, the lack of systematic analyses 
determining which lightweight backbones operate more efficiently during fine-tuning for such 
singular targets (Guru & N, 2025; Jeevan & Sethi, 2024). 
Given this scenario, the objective of this work is to apply and evaluate the Faster R-CNN model 
using different backbones for the detection of bunches and stalks of the Prata Catarina banana 
plant, aiming to identify the architecture that provides the best performance and operational 
feasibility for the precision agriculture environment. 

Materials and Methods 

Input Dataset 
For the development of this work, a dataset focused on the detection of bunches and stalks of 
Prata Catarina banana plants (Silva et al., 2025) was used, publicly available on the RoboFlow 
platform and accessible through the link: 
https://app.roboflow.com/detectionbunchstalk/detection_bunch_stalk-xd2v9/10. This dataset is 
composed of a total of 1,015 images in JPEG format encoded in the RGB color space, each with 
a resolution of 640 x 640 pixels, a value commonly adopted as a standard in the training of the 
chosen computer vision architecture. The objects present in the images of this dataset were 
classified into two classes: bunch and stalk (Figure 1). A total of 1,015 data samples. 
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Fig 1. Sample of images available in the dataset. 

The fraction of images corresponding to the training set underwent a data augmentation stage, 
which resulted in increased variability of the image set and the duplication of the number of 
samples available for training. Data augmentation is established as an indirect regularization 
approach, widely adopted with the objective of mitigating overfitting and optimizing the 
performance of convolutional neural networks (Iqbal, 2025). The applied transformations included 
random scale resizing (multi-scale), random horizontal flipping, and slight photometric 
adjustments of brightness, contrast, and saturation. 

Architecture of Faster R-CNN and the Evaluated Backbones 
Convolutional Neural Networks, or CNNs (De Godoy et al., 2023), are deep artificial neural 
networks designed for processing grid-structured data, such as two-dimensional images, through 
convolutional operations. They are composed of multiple interconnected layers, constituting one 
of the most consolidated approaches in the field of Deep Learning. 
In general terms, a CNN is composed of sets of convolutional, pooling, and fully connected layers, 
organized in successive layers so as to create a deep architecture capable of learning 
hierarchically structured descriptors of the patterns underlying the data (Nirthika et al., 2022). In 
this way, CNNs are able to automatically learn discriminative descriptors, thus mitigating the need 
for manual procedures for feature extraction, which makes them especially effective in computer 
vision tasks such as classification, segmentation, and object detection. 
Faster R-CNN (Ren et al., 2015) (Figure 2) is a widely consolidated architecture in the object 
detection literature and was adopted in this study as the basis for comparing different feature 
extraction backbones. The following backbones were evaluated: DenseNet (Huang et al., 2016), 
EfficientNet (Tan & Le, 2019), MobileNetV3 (Howard et al., 2019), ResNet-50 (He et al., 2016), 
and ConvNext (Liu; Zhuang et al., 2022), selected for presenting different levels of depth and 
internal connection strategies. The analysis focused on verifying how these structural variations 
influence detector performance, considering the main evaluation metrics adopted in the literature. 

(a)                                 (b)                                 (c)                
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Fig 2. Faster R-CNN architecture (Deng et al., 2018). 

Evaluation Metrics 
Performance evaluation was carried out by comparing the bounding boxes predicted by the 
models with the reference annotations of the dataset. From this comparison, the following are 
obtained: true positives (TP), when the detection matches the annotation considering a minimum 
Intersection over Union (IoU) threshold; false positives (FP), when the detection is incorrect or 
poorly localized; and false negatives (FN), when annotated objects are not detected. From these 
measures, metrics such as Precision, Recall, mAP@0.5, and mAP@0.5–0.95 are derived. 
Precision (Eq. 1) corresponds to the ratio between TP and the total number of detections 
performed. Recall (Eq. 2) is the proportion of TP relative to the total number of real objects. 
mAP@0.5 (Eq. 3) represents the mean Average Precision across all classes with IoU fixed at 0.5. 
Meanwhile, mAP@0.5–0.95 (Eq. 4) is a more rigorous metric, calculated as the mean Average 
Precision over multiple IoU thresholds, ranging from 0.5 to 0.95, with increments of 0.05. 
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In addition, model training was evaluated through the loss function (Eq. 5), which quantifies the 
prediction error on the training data. Faster R-CNN uses a multi-task loss function, combining 
classification loss (log loss) and bounding box regression loss based on Smooth L1, enabling the 
joint training of the Region Proposal Network and the final detector. 
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Experiment Design 
All models were trained on the Google Colab platform, running the Ubuntu operating system 
under an x86_64 architecture and KVM virtualization, in a Python 3.12.12 environment. The 
available hardware consisted of two logical CPU cores (Intel Xeon 2.20 GHz), 12 GB of RAM, 
approximately 113 GB of temporary disk storage, and an NVIDIA Tesla T4 GPU with 15 GB of 
VRAM, using CUDA 12.0 for computational acceleration. 
During training, the image dataset was partitioned into five subsets of equal size through the 
cross-validation procedure known as k-fold, with the objective of evaluating model performance 
more robustly. The process was repeated five times, and in each fold, one part (1/5) was assigned 
to validation, while the remaining parts were used for training, as illustrated in Figure 3. In each 
fold, training was conducted for 20 epochs, with a batch size of 4 images. 

 
Fig 3. Scheme of the cross-validation method used (Ultralytics, 2023). 

To optimize training time, pre-trained backbone weights were used, previously trained on the 
Common Objects in Context (COCO) dataset. In addition, an independent test subset was 
reserved and used exclusively for the final evaluation of the models, without participation in the 
hyperparameter tuning process. In this study, the following hyperparameters were adopted: a 
learning rate of 1×10⁻⁵ and a score threshold of 0.7, kept constant and applied uniformly across 
all evaluated models in order to ensure experimental comparability. The score threshold was 
defined empirically with the objective of reducing the occurrence of false positives in the 
detections. 

Results and Discussion 
This section presents and discusses the results obtained from the comparison between different 
backbones used in the Faster R-CNN architecture, namely: DenseNet, EfficientNet, MobileNetV3, 
ResNet-50, and ConvNeXt. In order to perform a fair and controlled comparison among the 
different backbones, the experimental methodology was structured to keep constant the Faster 
R-CNN detector base architecture, the initial conditions, and the main training parameters, varying 
only the backbone responsible for feature extraction. Thus, it becomes possible to analyze in 
isolation the impact of each backbone on the performance of the object detection model. 
Information regarding the training of the Faster R-CNN model using the ConvNeXt backbone can 
be observed in Figure 4(a). In this configuration, the training loss curve showed a continuous 
reduction throughout the epochs, indicating that the model was able to progressively learn the 
characteristics of the training set. On the other hand, the validation loss curve showed early 
stabilization, with small oscillations and no significant reduction after the first epochs. This 
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behavior suggests a possible onset of overfitting. 
The model with the DenseNet backbone generated the loss graph presented in Figure 4(b). In it, 
it is observed that the loss curve related to the training phase shows a continuous reduction 
throughout the epochs, indicating that the model was able to learn the characteristics of the 
training set. On the other hand, the loss curve related to validation shows an initial reduction, 
followed by early stabilization and slight oscillations, remaining at levels higher than the training 
curve. This behavior indicates low generalization, suggesting that the model has limitations when 
dealing with unseen data. 
Figure 4(c) shows the training losses of the model with the EfficientNet backbone, where a rapid 
convergence is observed in the first epochs, with pronounced reductions in both training and 
validation losses. Both curves exhibit almost parallel declines, stabilizing at similar levels until the 
end of training. This behavior indicates a progressive and stable learning process, suggesting a 
possible generalization capability of the model. 
Similarly to the previous model, the model with the MobileNetV3 backbone shown in Figure 4(d) 
presented a consistent reduction in training and validation losses, with both curves stabilizing at 
very close values. The small difference between the curves indicates a balanced training process, 
with no significant evidence of overfitting, demonstrating good generalization capability. 
Meanwhile, the training of the model with the ResNet-50 backbone presented the greatest 
discrepancy between the loss curves, as observed in Figure 5(e). The training loss progressively 
decreased, reaching approximately 0.34 at the end of training, while the validation loss remained 
higher, around 0.48. This behavior characterizes a typical case of overfitting, in which the model 
adjusts excessively to the training data, compromising its ability to generalize to unseen data. 
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Fig 4. (a) Training and validation loss curves for ConvNeXt; (b) Training and validation loss curves for DenseNet; (c) 

Training and validation loss curves for EfficientNet; (d) Training and validation loss curves for MobileNetV3; (e) Training 
and validation loss curves for ResNet-50. 

During validation, the comparative analysis of the backbones in Faster R-CNN (Figure 5) 
demonstrated relevant differences both in the behavior of the loss curves and in the final 
performance metrics. 

 
Fig 5. Precision, recall, mAP@50, and mAP@50–95 values of the evaluated backbones. 

Overall, ResNet-50, DenseNet, and ConvNeXt presented the best results in terms of mAP@50 
and mAP@50-95, with ResNet-50 standing out by achieving the highest average performance 
(mAP@50 of 47.4% ± 3.7 and mAP@50-95 of 25.76% ± 1.84), despite showing signs of 
overfitting. DenseNet demonstrated competitive performance and greater stability across folds 
(mAP@50 of 46.81% ± 1.65 and mAP@50-95 of 25.02% ± 0.74), while ConvNeXt presented 
results close to the best-performing models (mAP@50 of 46.26% ± 5.03 and mAP@50-95 of 
24.09% ± 2.74), although with greater variability. 

EfficientNet achieved intermediate performance, even with stable training. MobileNetV3, on the 
other hand, reached the highest precision (88.03% ± 2.38), but with considerably reduced recall 
(32.35% ± 1.55), resulting in the lowest mAP values, indicating conservative behavior and 
limitations in detecting all objects. 
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Thus, considering the balance between precision, recall, and mAP, ResNet-50 and DenseNet 
proved to be the most suitable options for the task, while MobileNetV3 may be more appropriate 
in scenarios with computational constraints and when Type II error is not a critical concern. 

 
Fig 4. (a) ConvNeXt inference image; (b) DenseNet inference image; (c) EfficientNet inference image; (d) MobileNetV3 

inference image; (e) ResNet-50 inference image; (f) reference annotation. 

Conclusion 
This work investigated the performance of the Faster R-CNN model with different backbones in 
the detection of bunches and stalks of the Prata Catarina banana plant, aiming to identify the 
most suitable architecture for precision agriculture applications. Based on a controlled 
methodology, keeping the main hyperparameters constant and varying exclusively the backbone, 
it was possible to isolate and analyze the impact of feature extraction on the final performance of 
the detector. 
The results showed that the choice of backbone directly influences both training behavior and 
detection metrics. Among the evaluated architectures, DenseNet presented a balance between 
precision, recall, and mAP, standing out as the most suitable alternative for the proposed task 
because it did not demonstrate a strong tendency toward overfitting, unlike ResNet-50 (although 
the latter achieved the highest average mAP). 
In general, the findings confirm that deeper architectures with greater representational capacity 
tend to offer better performance in the detection of visually similar and partially occluded 
structures, such as the stalk and pseudostem. On the other hand, lighter models may be 
considered in scenarios with computational constraints, provided that a possible reduction in 
system sensitivity is acceptable. 
As a contribution, this study provides a systematic comparative analysis of backbones applied to 
whole-bunch-level detection, a topic that remains underexplored in the literature. For future work, 
it is recommended to expand the dataset, investigate additional regularization strategies and 
hyperparameter fine-tuning, as well as evaluate models under real field conditions and on 
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embedded systems, aiming at their integration into robotic platforms for automated harvesting 
and monitoring. 
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