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 Coffee cultivation plays a vital economic role globally, supporting millions of 

livelihoods. Traditional manual enumeration methods for crop monitoring are time-

intensive, costly, and prone to errors, particularly on large-scale farms. This study 

addresses the need for automated coffee tree detection systems by systematically 

evaluating five state-of-the-art deep learning architectures: YOLOv8 (nano, small, 

medium), Faster R-CNN, and EfficientDet. Using a dataset of 1,500 high-resolution 

aerial images from coffee plantations in Lampung, we investigated four critical 

aspects: optimal object detection architecture, effective augmentation strategies, 

minimum data requirements, and error patterns. Results demonstrate that YOLOv8n 
achieves superior performance with 95.98% mAP@0.5, outperforming larger 

variants and two-stage detectors. Basic augmentation techniques proved most 

effective, with mAP@0.5 of 96.13%, surpassing aggressive strategies like mosaic 

and mixup that disrupted the spatial structure of the plantations. Data efficiency 

analysis revealed that 750 images (50% of the dataset) achieved 99.55% of peak 

performance, enabling cost-effective deployment in resource-constrained scenarios. 

Error analysis indicated that false positives were the primary challenge, which is 

addressable through confidence threshold calibration. These findings provide 

evidence-based guidelines for practitioners, demonstrating that compact 

architectures with moderate augmentation can achieve high accuracy with limited 

data, facilitating the practical deployment of precision agriculture technologies in 
coffee cultivation. 
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I. INTRODUCTION 

 Coffee stands as one of the most valuable commodities 

crops globally, generating an annual industrial revenue 

exceeding $300 billion. Additionally, coffee sustains the 

livelihoods of millions across various nations [1]. Accurate 
data management for coffee cultivation is essential for 

effective crop oversight, enabling precise land records, 

optimal allocation of raw materials, and strategic long-term 

planning [2], [3]. Conventional methods typically involve 

manual crop enumeration by farmers, which is time-intensive 

and costly. Moreover, these results are often inconsistent and 

prone to human error, especially on extensive farms [4]. As 

the demand for coffee continues to escalate while arable land 

remains constrained, there is an increasing imperative to 

enhance cultivation practices through the adoption of 

precision agriculture technologies [5], [6]. 

Monitoring agricultural land through remote sensing has 

become increasingly accessible, owing to the availability of 

affordable drones and high-quality imaging technologies [7]. 

Coupled with the benefits of deep learning within computer 

vision, this technology facilitates plant detection and 

enumeration. Automated systems can process detections of 

thousands of plant species within minutes, ensuring consistent 
measurements and enabling data-driven decision-making [8], 

[9], [10]. Nonetheless, translating this technology into a 

mailto:alya.
mailto:andre.febrianto@if.itera.ac.id
mailto:amirul.iqbal@if.itera.ac.id
mailto:miranti.
mailto:muhammad.algifari@if.itera.ac.id
mailto:eko.nugroho@if.itera.ac.id
https://creativecommons.org/licenses/by-sa/4.0/


1384               e-ISSN: 2548-6861  

JAIC Vol. 10, No. 2, April 2026:  1383 – 1390 

practical, deployable solution for coffee cultivation requires a 

systematic investigation of detection architectures, 

optimization strategies, and real-world constraints. 

Despite the considerable potential of deep learning for 

object detection in agricultural fields, several significant 

challenges remain in detecting coffee plants from remote 

sensing imagery. Firstly, coffee trees in remote sensing 

images present numerous unique challenges, including their 

small size, dense arrangement, and variable appearances 
influenced by factors such as plant growth stages, lighting 

conditions, and climate or weather variations [11]. Secondly, 

although various object detection architectures have been 

developed in recent years from traditional two-stage detectors 

such as Faster R-CNN [12] to contemporary one-stage 

approaches such as YOLO [13] and EfficientDet [14], there 

is currently a lack of comprehensive comparison regarding 

their performance in the specific context of coffee plant 

detection. Each architecture offers distinct advantages 

relating to accuracy, inference speed, and model complexity, 

yet practitioners lack clear guidance on selecting the most 
suitable approach for agricultural deployment. Thirdly, data 

augmentation, a crucial step for enhancing model 

generalization and robustness [15], has not been 

systematically evaluated within remote sensing image 

processing, particularly for coffee plants. Techniques such as 

mosaic augmentation and mix-up, despite their effectiveness 

in general image processing, may not be directly applicable to 

remote sensing imagery. Fourth, the minimal data 

requirements for achieving acceptable detection performance 

remain uncertain, leaving practitioners unsure about the 

appropriate application of augmentation techniques. Lastly, 

understanding the causes of model failures in pattern 
recognition is an important component of systematic error 

analysis. Several studies indicate that most research on object 

detection within agriculture concentrates on evaluating a 

single architecture without comprehensive comparative 

analyses [16], [17]. While some research confirms the 

potential of deep learning for tree detection [11], [18], these 

studies typically employ only a single detection framework 

and do not explore alternative methods. Moreover, computer 

vision research on coffee plants has predominantly focused on 

disease detection [19, 20] and fruit ripeness classification 

[21], with limited emphasis on detecting and quantifying 
individual trees. Only a few studies provide detailed analyses 

of crop tree detection, addressing issues such as data 

efficiency, augmentation techniques, and error patterns, 

which are essential for practical applications [22]. 

The completeness of existing research is hampered by 

severely limited resources in many coffee-producing regions. 

In the absence of a well-defined framework for minimum data 

requirements, the optimal architectural model, and effective 

augmentation strategies, researchers continue to rely on trial-

and-error methods, resulting in inefficient use of valuable 

resources. Moreover, the lack of comprehensive error analysis 

highlights implementation difficulties that arise during 
production, and mitigation efforts also incur high costs. 

Consequently, this study proposes several research avenues to 

be examined empirically, guided by the subsequent research 

questions: 

1. Which object detection architecture offers the optimal 

balance for coffee tree identification using aerial 

imagery? 

2. Which data augmentation strategy enhances detection 

performance for aerial coffee plantation images? 

3. What is the minimum quantity of training data necessary 

to attain satisfactory detection results? 

4. What are the primary error patterns and limitations of the 

model? 

By systematically addressing these inquiries, we aim to 

provide evidence-based recommendations that facilitate the 

efficient and cost-effective deployment of coffee tree 

detection systems. Additionally, we seek to establish 

methodological foundations that are applicable to a broader 
range of agricultural monitoring tasks. 

The primary contributions of this study are fivefold. First, 

we conduct the first systematic evaluation of five state-of-the-

art object detection architectures for coffee tree detection. 

Secondly, we illustrate that fundamental augmentation 

strategies outperform more aggressive techniques such as 

mosaic and mix-up, thereby challenging prevailing practices 

in natural image augmentation. Thirdly, our data-efficiency 

analysis indicates that 750 images achieve 99.55% of peak 

performance, providing practical guidelines for resource-

constrained scenarios. Fourthly, comprehensive error analysis 
achieves a 95.44% recall, facilitating effective threshold 

tuning for deployment. Finally, we synthesize these findings 

into a comprehensive deployment framework with actionable 

recommendations concerning model selection, augmentation, 

and configuration. 

This paper is structured as follows. Section II reviews 

related work on object detection architectures, agricultural AI 

applications, and data augmentation techniques. Section III 

outlines our methodology, covering dataset preparation, 

model architectures, training settings, and evaluation metrics. 

Section IV details experimental results from four studies: 

architecture comparison, augmentation analysis, data 
efficiency, and error analysis. Section V discusses the 

implications of our findings, deployment considerations, and 

limitations. Finally, Section VI summarizes our contributions 

and suggests future research directions. 

 

II. RELATED WORK  

A. Object Detection 

Object detection involves identifying and localizing 
objects in an image by predicting both the class label and the 

bounding box coordinates for each object [23]. In contrast to 

classification, which assigns a single label to each image, 

object detection can detect multiple objects simultaneously 

within a single image [24]. Object detection methodologies 
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have evolved from handcrafted feature-based techniques, 

such as HOG [25] and DPN [26], to deep learning approaches. 

Krizhevsky et al. [27] demonstrated the efficacy of 

convolutional neural networks (CNNs) in object detection, 

achieving markedly superior performance compared to 

traditional methods. This advancement laid the foundation for 

the ongoing development of deep learning-based object 

detection techniques. 
Modern architectures fall into two paradigms: two-stage 

and one-stage detectors. Two-stage detectors (R-CNN family 

[12]) separate region proposal generation from classification, 

prioritizing accuracy. One-stage detectors (YOLO [13], SSD 

[28]) directly predict bounding boxes and classes in a single 

pass, achieving real-time performance with competitive 

accuracy. However, most research is conducted on general 

datasets with diverse, unstructured scenes.  

B. R-CNN 
The Region-based Convolutional Neural Network (R-

CNN) family represents the pioneering approach to 

integrating deep learning into object detection, establishing 

the two-stage detection paradigm that separates region 

proposal generation from object classification and 
localization refinement. R-CNN, proposed by Girshick et al. 

[12], marked the first successful application of CNNs to 

object detection, achieving a 30% relative improvement over 

prior methods on the PASCAL VOC dataset. The architecture 

operates in three stages: generating approximately 2,000 

region proposals per image using selective search; extracting 

fixed-length feature vectors from each proposal using a CNN; 

and classifying each region with class-specific linear SVMs, 

followed by bounding box regression. Despite its 

breakthrough performance, R-CNN suffered from severe 

computational inefficiency: processing each proposal 

independently through the CNN required days of GPU 
training, and inference took 47 seconds per image, rendering 

it impractical for real-world applications [12]. 

Fast R-CNN [29], introduced by Girshick in 2015, 

addressed R-CNN's inefficiency through architectural 

redesign. Rather than extracting features from each proposal 
independently, Fast R-CNN processes the entire image 

through a CNN once, then projects proposals onto the 

resulting feature map. A Region of Interest (RoI) pooling 

layer extracts fixed-size feature vectors from arbitrary-sized 

proposals, which are then classified and refined by fully 

connected layers. This single-pass design reduced training 

time from 84 hours to 9 hours and inference time from 47 

seconds to 2.3 seconds per image [29]. However, Fast R-CNN 

still relied on selective search for proposals, which remained 

the computational bottleneck at 2 seconds per image. 

C. YOLO 

YOLO (You Only Look Once) revolutionized object 

detection by reformulating it as a single regression problem, 

directly predicting bounding boxes and class probabilities in 

a single network evaluation, thereby enabling real-time 

performance while maintaining competitive accuracy [13]. 

YOLOv1, introduced by Redmon et al. in 2016, represented a 

paradigm shift by dividing the input image into an S×S grid, 

achieving 45 FPS on Titan X GPU over 100 times faster than 

Faster R-CNN with 63.4% mAP on PASCAL VOC 2007, 

although it struggled with small object detection due to coarse 

spatial resolution [13]. YOLOv2 addressed these limitations 

through architectural improvements, including batch 
normalization, anchor boxes, and finer 13×13 feature maps, 

thereby achieving 78.6% mAP while maintaining frame rate 

[30]. YOLOv4 aggregated numerous architectural 

innovations, including CSPDarknet53, SPP, and PANet, 

along with advanced training strategies such as mosaic data 

augmentation, achieving 43.5% mAP@0.5 on MS COCO 

while maintaining 65 FPS on a V100 GPU [31]. YOLOv8, the 

latest iteration, features anchor-free detection heads and 

enhanced feature fusion via C2f modules, and the YOLOv8n 

variant achieves 37.3% mAP@0.5:0.95 with only 3.2M 

parameters at 80+ FPS on an A100 GPU, making it 
particularly suitable for edge deployment [32]. The YOLO 

family's evolution demonstrates continuous improvement in 

the speed-accuracy trade-off. 

D. EfficientDet 

EfficientDet, proposed by Tan et al. [14] in 2020, 

addresses the challenge of systematically scaling object 

detectors for different resource constraints by applying 

principled compound scaling across all network dimensions 

simultaneously. The key innovation is the Bidirectional 
Feature Pyramid Network (BiFPN), which enhances multi-

scale feature fusion by incorporating weighted bidirectional 

connections and removing low-contribution nodes [14]. 

EfficientDet employs EfficientNet as its backbone and 

extends compound scaling principles to the entire detection 

network, jointly scaling backbone, BiFPN, and prediction 

network dimensions using a unified rule [14]. The 

architecture offers eight model variants (D0-D7) spanning 

different computational budgets. EfficientDet-D0, with 3.9M 

parameters, achieves 33.8% mAP@0.5:0.95 on MS COCO at 

33 FPS, while D7 achieves 52.2% mAP at 5.5 FPS [14]. In 
resource-constrained scenarios, D0's 4M parameters and 98M 

FLOPs enable deployment on mobile devices and edge 

hardware, although its superiority for coffee tree detection 

remains to be empirically evaluated [14]. 

 

III. METHODOLOGY 

A. Dataset 

The dataset comprises 1,500 high-resolution aerial images 

of coffee plantations, captured using unmanned aerial 

vehicles (UAV) equipped with multispectral cameras. These 

images were collected from coffee plantations in Lampung, 

encompassing diverse plantation conditions, including 

varying tree ages, canopy densities, and lighting conditions. 

The image size is 1600×1300 pixels during daylight hours, 
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under clear to partially cloudy skies, ensuring high image 

quality while capturing natural illumination variations.  

  

Figure 1. Dataset Sample 

The dataset contains two object classes: "coffee," 

representing individual coffee trees, and "other," representing 

additional vegetation types occasionally present within 

plantations. Each coffee tree was annotated with a rectangular 

bounding box enclosing its canopy from an overhead 

perspective. Annotations were performed using the LabelImg 
annotation tool. Quality control procedures included random 

sampling and cross-validation of 10% of the annotations to 

verify consistency, achieving an inter-annotator agreement 

exceeding 95%. At the beginning of training, the dataset was 

randomly split into training (70%), validation (15%), and test 

(15%) sets, as shown in Table 1. 

TABLE 1.  

DATASET SPLIT 

Split Images Object 

Training (70%) 1050 35572 

Validation (15%) 225 7623 
Test (15%) 225 7622 

Total (100%) 1500 50817 

 

B. Model Architectures 

We evaluate five sophisticated object detection 

architectures embodying various design paradigms: the 

YOLOv8 family (nano, small, and medium variants), Faster 

R-CNN with ResNet-50-FPN backbone, and EfficientDet. 

These models span a wide range of speed-accuracy-size trade-

offs, enabling comprehensive analysis suitable for diverse 

deployment scenarios. The specifications of the model 

architectures are detailed in Table 2. 

TABLE 2.  

MODEL ARCHITECTURE SPECIFICATIONS 

Model Type Parameters Size (MB) 

YOLOv8n One stage 3.2 M 6.2 

YOLOv8s One stage 11.2 M 22.5 

YOLOv8m One stage 25.9 M 52 

Faster 

R-CNN 
Two stages 41.8 M 167 

EfficientDet One stage 3.9 M 15.6 

 

C. Training Configuration 

To ensure equitable comparison across different 

architectures, we utilized matched training protocols with 

consistent hyperparameters wherever feasible, while adhering 

to architecture-specific requirements. All models were trained 

for 100 epochs, with early stopping triggered after 50 epochs 

based on validation mAP. The training process was conducted 

on a single NVIDIA RTX 4060 GPU with 8GB of VRAM. 

We employed the AdamW optimizer with an initial learning 

rate of 0.001, a final learning rate of 0.00001, a weight decay 

of 0.0005, and a momentum of 0.937 for all models. The 
learning rate schedule used cosine annealing with a 3-epoch 

warmup period, starting from an initial learning rate of 

0.0001. The loss function weights for the YOLO models were 

set to box=7.5, class=0.5, and distribution focal loss 

(DFL)=1.5, balancing localization and classification 

objectives. For Faster R-CNN and EfficientDet, the default 

loss configurations from their respective frameworks were 

employed. 

Due to memory constraints and architectural differences, 

certain parameters were adjusted for each model.  

1. Batch Size: YOLOv8 models employed a batch size 

of 16, optimizing GPU memory utilization and 
gradient estimation quality. Conversely, Faster R-

CNN, which requires more memory due to Region of 

Interest (RoI) operations, used a batch size of 4. The 

EfficientDet model used a batch size of 8, balancing 

the two. 

2. Input Resolution: Both YOLOv8 and Faster R-CNN 

processed images at 640×640 pixels, a resolution that 

maintains a balance between preserving detail and 

computational efficiency. The EfficientDet model 

used an input resolution of 512×512 pixels, in 

accordance with its original design and compound 
scaling methodology. 

The experimental scenario comprises four categories 

of experiments: object detection architecture, 

augmentation implementation strategy, efficiency 

metrics, and error analysis. 

D. Evaluation metrics 

The evaluation metrics cover detection accuracy, 

efficiency, and error characterization. Mean Average 

Precision (mAP) serves as the primary metric for detection 

accuracy, following standard practices in object detection 

research [13]. mAP summarizes the precision-recall curve 

across all classes and images, providing a single score that 

balances detection completeness (recall) and correctness 

(precision). There are two mAP variants following standard 
object detection evaluation practices. mAP@0.5 uses an IoU 

threshold of 0.5 to determine correct detections. 

mAP@0.5:0.95 averages precision across IoU thresholds 

from 0.5 to 0.95 in steps of 0.05, providing stricter evaluation 

of localization quality as used in MS COCO benchmarks [13]. 
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III. RESULT AND DISCUSSION 

A. Experiment Results 

This section discusses the quantitative results from the 

four experiments conducted: architecture comparison, 
analysis of augmentation techniques, data efficiency 

evaluation, and error distribution. A complete interpretation 

is presented in Table 3, which describes the results of the 

performance comparison of 5 object detection architectures. 

The results of this experiment show that YOLOv8n 

outperforms the mAP@0.5 of 95.98%, demonstrating that the 

YOLOv8n variant is the most effective architecture for coffee 

plant detection. Furthermore, there is another variant, 

YOLOv8s, which has an mAP@0.5 of 95.83%, a maximum 

F1-Score of 91.01%, and an mAP@0.5:0.95 of 78.85%. 

YOLOv8m gets the highest mAP@0.5:0.95 value of 79.20%. 

Faster R-CNN, compared to other architectures, does not 
achieve better performance, with a nAP@0.5 of 91.98%, 

which is almost 4% lower than YOLOv8n. EfficientDet, like 

Faster R-CNN, also achieved the lowest performance with a 

mAP@0.5 value of 88.00%. In the architecture performance 

comparison experiment, YOLO dominated overall, with 

YOLOv8n having the best performance. 

Table 4 presents the experimental results of applying 

augmentation techniques to YOLOv8n. 4 augmentation 

techniques were used in this experiment. Basic technique with 

a fairly moderate transformation with HSV adjustment (hue 

±0.015, saturation 0.7, value 0.4), rotation ±10°, translation 
10%, scale ±50%, and horizontal flip 50%. Medium technique 

with higher parameter rotation ±15°, translation 20%, scale 

±90%, and mosaic 50%. Heavy technique with parameters 

rotation ±20°, shear ±5°, mosaic 100%, mixup 15%. The basic 

technique achieves the best performance, with mAP@0.5 of 

96.13% and mAP@0.5:0.95 of 77.16%, showing a greater 

improvement than the baseline that does not apply 

augmentation. The medium technique achieved an mAP@0.5 

value of 95.60%, which is still below the basic augmentation. 

And the heavy technique, which is the most complete 

augmentation, achieved an mAP@0.5 of 94.87%, which is 

still far below that of the basic technique. Overall, all 
augmentation techniques improve the architecture's 

performance, as evidenced by the mAP@0.5, which is higher 

than the baseline. However, the superiority of basic 

augmentation across all metrics establishes moderate 

geometric and photometric transformations as optimal for 

aerial coffee imagery, while mosaic and mixup strategies 

prove counterproductive. 

Table 5 presents the results of the data-efficiency 

experiment across four levels: 25% with 375 images, 50% 

with 750 images, 75% with 1125 images, and 100% with 1500 

images. The performance with 25% data usage is 94.94%, 

50% is 95.70%, 75% is 95.97%, and the overall is 96.13%. 
This pattern indicates that as data volume and diversity 

increase, the performance of the learning architecture also 

improves. 

  
(a) (b) 

Figure 2. (a) Baseline; (b) Detection Result 

Table 6 categorizes detection outcomes for 225 test 

images containing 7,856 ground-truth objects. True Positives 

dominate with 7,395 instances (80.08%), indicating strong 

detection capability. False Positives represent the primary 

challenge, accounting for 1,379 instances (14.93%), 

approximately 4 times as frequent as False Negatives (353, 
3.82%). This pattern reveals the model's aggressive detection 

strategy, favouring over-detection to avoid missing objects. 

Localization Errors and Misclassifications are minimal, 

confirming accurate bounding box placement and clear class 

distinction when objects are detected. High recall affirms the 

model's effectiveness in detecting coffee trees, while 

moderate precision suggests potential for improvement 

through threshold tuning. The predominant False Positive 

category indicates that addressing over-detection, rather than 

missed objects, should be the primary focus for deployment 

optimization. An example of an incorrect detection result can 
be seen in Figure 2(b) with the label in Figure 2(a)

 

TABLE 3.  

ARCHITECTURE COMPARATION 

Model 
Size (MB) 

mAP@0.5 mAP@0.5:0.95 Precision Recall F1-Score 

YOLOv8n – 6.2 95.98% 77.76% 93.09% 88.26% 90.61% 

YOLOv8s – 22.5  95.83% 78.85% 93.83% 88.36% 91.01% 
YOLOv8m – 52  95.66% 79.20% 92.43% 88.98% 90.67% 

Faster R-CNN – 167 91.98% 68.50% 91.98% 88.47% 90.19% 
EfficientDet – 15.6  88.00% 65.00% 89.00% 85.00% 86.95% 
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TABLE 4.  

AUGMENTATION STRATEGY 

Augmentation Strategy mAP@0.5 mAP@0.5:0.95 Precision Recall F1-Score 

Baseline 90.15% 65.78% 90.16% 82.24% 86.01% 
Basic 96.13% 77.16% 91.71% 89.74% 90.71% 

Medium  95.60% 73.16% 91.10% 88.62% 89.84% 

Heavy 94.87% 72.60% 90.87% 87.31% 89.05% 

TABLE 5.  

DATA EFFICIENCY 

Data Size (%) Images mAP@0.5 mAP@0.5:0.95 Precision Recall F1-Score 

25% 375 94.94% 74.35% 91.94% 87.07% 89.44% 
50% 750 95.70% 76.60% 91.30% 88.35% 89.80% 
75%  1125 95.97% 77.65% 92.29% 88.28% 90.24% 
100% 1500 96.13% 77.15% 91.71% 89.74% 90.71% 

TABLE 6.  

ERROR DISTRIBUTION 

Category Count Percentage 

True Positives 7395 80.08% 
False Positives 1379 14.93% 
False Negatives  353 3.82% 

Localization Errors 104 1.13% 
Misclassifications 4 0.04% 

Total 9235 100% 

 

The final experiment regarding error distribution is 

shown in Table 6. Based on the experiment, 225 test images 

contain 7856 ground-truth objects. True positives dominate, 

detecting 7395 instances (80.08%). False positives represent 

a primary challenge, with 1379 instances. This pattern reveals 

the model's aggressive detection strategy, fearing over-
detection to avoid missing objects. Localization Errors and 

Misclassifications are minimal, confirming accurate 

bounding box placement and clear class distinction when 

objects are detected. High recall affirms the model's 

effectiveness in detecting coffee trees, while moderate 

precision suggests potential for improvement through 

threshold tuning. The predominant False Positive category 

indicates that addressing over-detection, rather than missed 

objects, should be the primary focus for deployment 

optimization. Overall, the model is able to detect coffee plants 

well, as evidenced by the confusion matrix value in figure 3. 

 
Figure 3. Confusion Matrix 

B. Discussion 

YOLOv8n's superiority (95.98% mAP@0.5) over larger 

variants reveals that coffee tree detection does not require 

extensive model capacity. YOLO8n is the lightest YOLOv8 

variant, with 2 billion parameters. The relatively small 

amount of coffee field data results in a lighter and less 

complex computational process. The lightweight architecture 

and small amount of data are the reasons why YOLOv8n 

performs best. YOLOv8m, despite 8× more parameters and 
8.4× larger size, achieves marginal improvement in 

mAP@0.5:0.95 while performing slightly worse on the 

primary metric. This pattern indicates that the relatively 

simple visual characteristics of coffee trees, consistent canopy 

appearance, structured layouts, and top-down viewpoints 

enable compact architectures to achieve near-optimal 

performance. This contrasts with natural image detection, 

where larger models consistently outperform smaller variants 

due to diverse object categories and complex occlusion 

patterns. Faster R-CNN's underperformance challenges the 

traditional view that two-stage detectors achieve superior 
accuracy. Several factors explain this result: YOLOv8's 

anchor-free detection and distribution focal loss provide more 

effective optimization for dense, small objects; the 

CSPDarknet backbone incorporates modern innovations 

absent in ResNet-50; and coffee tree detection lacks the 

extreme occlusions that traditionally favor two-stage 

refinement. Trees are largely visible from an aerial viewpoint 

with clear boundaries, making single-stage direct regression 

sufficient. EfficientDet's poor performance despite its 

acclaimed efficiency suggests that its architectural 

innovations do not compound at scale; BiFPN provides less 

benefit for agricultural imagery. Coffee trees exhibit 
relatively consistent size distribution compared to COCO's 

diverse multi-scale objects, reducing the value of compound 

scaling strategies. These findings emphasize that architectural 
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requirements vary substantially between domains, and 

benchmark performance does not guarantee transferability to 

agricultural applications. 

The superiority of basic augmentation over both baseline 

and heavy augmentation reveals fundamental differences 

between structured aerial imagery and unstructured natural 

scenes. Basic augmentation succeeds by aligning with natural 

variation, simulating lighting conditions while maintaining 
the spatial structure of regular row spacing and predictable 

canopy patterns. Heavy augmentation fails because mosaic 

and mixup violate the plantation structure. Mosaic creates 

unrealistic spatial configurations with discontinuous tree 

patterns and incompatible lighting, introducing training 

samples that diverge from the actual data distribution. Mixup 

generates semi-transparent overlapping trees that never occur 

in reality. For aerial crop monitoring, simple geometric and 

photometric augmentation suffices, while advanced 

composition techniques introduce harmful artifacts. 

Practitioners should introduce augmentation incrementally, 
starting with basic transformations and adding complexity 

only if validation performance improves. Crops with 

structured layouts likely exhibit similar patterns, while less 

structured scenarios may benefit from more aggressive 

strategies. 

Strong performance with limited data indicates coffee 

tree detection is relatively data-efficient compared to general 

object detection. Several factors contribute: visual 

consistency, clear figure-ground separation, limited intra-

class variation, and structured spatial priors. Diminishing 

returns reveal that the model captures essential patterns from 

initial samples, with additional data primarily refining 
boundaries rather than introducing novel information. The 

375-image subset contains representative samples that cover 

the main sources of variation (growth stages, lighting, canopy 

density, perspectives), with additional samples largely 

duplicating the learned patterns. In practice, these findings 

enable significant cost reductions.  

Strong performance with limited data (94.94% 

mAP@0.5 with only 375 images, 98.76% of full 

performance) indicates coffee tree detection is relatively data-

efficient compared to general object detection. Several factors 

contribute: visual consistency (uniform canopy appearance), 
clear figure-ground separation (distinct contrast against 

backgrounds), limited intra-class variation (bounded size 

range), and structured spatial priors (regular row spacing). 

Diminishing reveals that the model captures essential patterns 

from initial samples, with additional data primarily refining 

boundaries rather than introducing novel information. The 

375-image subset contains representative samples that cover 

the main sources of variation (growth stages, lighting, canopy 

density, perspectives), with additional samples largely 

duplicating the learned patterns. In practice, these findings 

enable significant cost reductions. A model trained on our 

dataset could be fine-tuned for new regions, varieties, or tree 
crops with 100-200 region-specific images, enabling rapid 

deployment in data-scarce regions. By proving that the 

YOLOv8n variant has the best performance compared to 

other more complex variants, it indirectly allows this 

detection model to be implemented on devices such as drones. 

However, our findings reflect random sampling from a single 

dataset under consistent conditions. Generalization to 

fundamentally different contexts (different varieties, 

cultivation systems, geographical regions) may require more 

data. Cross-region validation would clarify whether 750 
images suffice universally or represent a dataset-specific 

finding. Despite the advantages outlined, this study certainly 

has limitations. This limitation is that the model has not been 

tested on land data other than coffee, so implementation or 

testing on data other than coffee land is still not possible. 

 

IV. CONCLUSION 

This study conducted a comprehensive evaluation of deep 

learning architectures specifically for coffee tree detection. 

The performance comparison concluded that YOLOv8n was 

the optimal architecture, with a mAP@0.5 of 95.98%. This 
result demonstrates that one-stage architectures, such as 

YOLO, can outperform more complex models, confirming 

that the structured visual characteristics of plantations enable 

the use of lighter models without compromising performance. 

Furthermore, the study identified several practical 

applications of augmentation, indicating that moderate 

augmentation techniques are more effective than aggressive 

or extensive ones. In the data-efficiency comparison 

experiment, the detection model also achieved optimal 

performance with 750 images, suggesting diminishing returns 

beyond this point. The final experiment involved an error 

analysis, which revealed that the prevalence of false positives 
can be effectively mitigated by calibrating the confidence 

threshold without necessitating modifications to the 

architecture. Overall, this research contributes to bridging the 

gap between academic inquiry and practical application 

through a cost-effective strategy. 
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