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ABSTRACT  

 

Direct comparison between one-stage and two-stage object detectors 

under matched training conditions remains limited for palm oil Fresh 

Fruit Bunch (FFB) ripeness detection. This study compares five 

YOLOv11 variants and two Faster R-CNN variants using 16,842 

annotated instances from Roboflow Universe across six ripeness 

categories under a controlled training configuration. YOLOv11m 

achieved the best overall performance with an mAP50-95 of 89.00%, 

outperforming Faster R-CNN R-101-FPN (85.91%) by 3.09 

percentage points, while providing higher inference speed (64.42 

versus 23.30 FPS) and a substantially smaller model size (38.65 versus 

459.93 MB). Repeated evaluation across three random seeds showed 

stable performance, with mean mAP50-95 values of 89.01 ± 0.19% 

for YOLOv11m and 86.12 ± 0.38% for R-101-FPN. Both 

representative models exhibited the same class-level difficulty pattern, 

with Unripe achieving the highest AP and Abnormal the lowest. 

XGrad-CAM analysis further showed more dispersed activation 

patterns for the more difficult categories. These findings indicate that 

YOLOv11m provides the most favorable accuracy-speed-model-size 

trade-off among the evaluated models, while improving difficult 

categories may also require targeted data collection and annotation 

refinement. 
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1. INTRODUCTION 

 

 Palm oil is one of the largest agricultural 

businesses in Southeast Asia, where Malaysia 

and Indonesia alone produce more than 85% of 

all palm oil produced worldwide [1]. Economic 

sustainability of the business is directly 

correlated with the Oil Extraction Rate (OER), 

a measure of the percent of the crude palm oil 

extraction from the Fresh Fruit Bunches (FFB) 

at harvesting time. Palm Oil Extraction Rate 

directly correlates with FFB ripening level at 

harvesting time [2]. Today, there is a tendency 

to estimate the ripening level using the method 

of visual evaluation. But visual evaluation has 

many limitations that can lead to economic loss 

due to improper harvesting time, namely, 

premature harvest resulting in low oil extraction 

rate, or delayed harvesting, which leads to high 

free fatty acid (FFA) level [3]. These challenges 

have motivated extensive research into 

automated computer vision and deep learning 

approaches for objective and scalable ripeness 

classification [4]. 

 This paper compares five YOLOv11 

variants (n, s, m, l, x) and two Faster R-CNN 

variants (R-50-FPN, R-101-FPN) for FFB 

ripeness detection across six ripeness 

categories, using a dataset of 16,842 annotated 

instances. The central finding is that per-class 

detection difficulty follows the same pattern 

regardless of detector paradigm. Unripe is 

consistently the easiest category to detect and 

Abnormal the hardest, for both one-stage and 

two-stage architectures, suggesting that the 

observed difficulty may be more closely related 

to the visual characteristics of the fruit than to 

the detector architecture examined. This pattern 

is further supported by XGrad-CAM 

visualization applied to both the best-

performing YOLOv11 and Faster R-CNN 

models, which shows that model attention 

becomes progressively more dispersed as class 

difficulty increases. The primary contributions 

are: a systematic comparison of YOLOv11 and 

Faster R-CNN for FFB ripeness detection; 

evidence, supported by both quantitative and 

explainable-AI analysis, that detection 

difficulty remains consistent across the 

examined one-stage and two-stage architectures 

for the categories and models examined and a 

practical implication that improving detection 

of difficult categories such as Abnormal is 

likely to benefit more from targeted data 

collection than from switching detector 

architecture. 

 

1.1 Fresh Fruit Bunch Ripeness 

Assessment 

 FFB ripeness classification follows 

standardized grading criteria defining six 

distinct categories (Unripe, Underripe, Ripe, 

Overripe, Empty Bunch, Abnormal). Unripe 

characterized by dark and compact fruitlets with 

near-zero loose fruit, Underripe with partially 

orange fruitlets, Ripe exhibiting fully orange 

fruitlets with optimal loose fruit count, Overripe 

showing excessive loose fruitlets with elevated 

FFA content, Empty Bunch comprising bare 

rachis without fruitlets, and Abnormal 

encompassing deformed or disease-affected 

bunches [5]. These ripeness categories are 

associated with differences in oil yield and 

quality, making accurate classification 

economically critical. Misclassification of FFB 

ripeness can reduce extraction efficiency and 

affect the overall quality of a processing batch, 

which motivates the need for automated and 

objective detection systems [6]. 

 The use of deep learning algorithms has 

proved to be effective in the classification of 

ripeness of FFBs. Gunawan et al. conducted a 

study on the use of five YOLOv8 models in 

detecting the ripeness of FFBs classified into six 

categories and found the peak mAP50-95 of 

92.7% using YOLOv8m, thus setting up a 

strong baseline for automated FFB detection 

[7]. YOLOv11 was used in recent studies for 

ripeness detection and grading of strawberries 

and fruits in different classes respectively [8], 

[9]. 

 However, each of these studies evaluates 

a single detection paradigm in isolation. 

Gunawan et al. benchmark only YOLOv8 

variants without a two-stage counterpart [7]. Ma 

et al. and Kamat et al. similarly restrict their 

evaluation to one-stage or hybrid one-stage 

architectures [8], [9]. This pattern is also 

reflected in the broader literature. Lai et al., in 

their systematic review of FFB ripeness 

detection methods, noted that most studies 

evaluate a single architecture family in isolation 

[3]. Josdaan et al. similarly report strong 

YOLOv8 results without a two-stage 

comparison [10]. Goh et al.’s recent review of 

FFB classification methods likewise identifies 

cross-architecture benchmarking as an 

underexplored direction  [11]. Without a two-

stage reference point evaluated under 
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comparable training conditions, it remains 

unclear whether performance differences 

between studies reflect architectural 

characteristics or training setup. This gap 

motivates a matched-configuration comparison 

between YOLOv11 and Faster R-CNN, which 

the present study addresses. 

 

1.2 Object Detection 

 The architectures for convolutional 

object detection are typically split into two 

broad categories: one-stage and two-stage 

detectors. The two-stage detectors include the 

Faster R-CNN models where a pipeline of two 

stages is applied; in particular, an object 

detection process starts from generating a set of 

object proposals by a Region Proposal Network 

(RPN), and then these proposals are classified 

and refined by a Region of Interest (ROI) head 

[12], [13]. As a result, two-stage detectors can 

provide strong localization accuracy but require 

greater computational complexity and inference 

time. By introducing Feature Pyramid 

Networks (FPN) it is possible to further boost 

multi-scale detection by feature aggregation on 

different backbone levels [14]. The YOLO 

family of one-stage detectors performs both 

tasks (object localization and classification) in a 

single pass [15]. Further advancements in the 

field of YOLO family models have made these 

models increasingly accurate and efficient [16], 

[17]. 

 Recent studies have compared YOLO 

and Faster R-CNN detectors under different 

conditions. Gholinavaz et al. compared YOLO 

variants and Faster R-CNN under adverse 

weather and noise conditions, reporting that 

Faster R-CNN demonstrated strong robustness 

and precise localization in several degraded 

scenarios, whereas the evaluated YOLO models 

provided favorable computational efficiency for 

real-time detection [18]. However, this 

evaluation was conducted on general-purpose 

benchmarks under simulated weather noise, and 

it remains unclear whether the same localization 

advantage holds for fine-grained, domain-

specific categories such as ripeness stages, 

where inter-class visual differences are far 

subtler than in standard object categories. A 

comprehensive review of YOLO evolution 

from YOLOv1 to YOLOv8 highlights that 

recent innovations including improved feature 

extraction mechanisms and attention modules 

have substantially advanced the accuracy-

efficiency frontier, though such reviews largely 

synthesize benchmark results from general 

datasets (e.g., COCO, PASCAL VOC) rather 

than agricultural imagery, limiting their direct 

applicability to plantation-specific deployment 

conditions [17]. YOLOv11 uses C3k2 modules 

for feature representation and C2PSA for 

attention, which may help when detecting 

occluded or visually complex objects in 

agricultural settings [19]. Systematic reviews of 

deep learning for crop grading confirm that both 

Faster R-CNN and YOLO have been applied to 

agricultural detection, but direct comparative 

evaluations on the same dataset remain limited 

[20]. Research on fruit target recognition for 

robotic harvesting has consistently highlighted 

the trade-off between detection accuracy and 

real-time performance as the central design 

consideration for field deployment, motivating 

the need for systematic cross-paradigm 

comparisons [21]. 

 Beyond conventional one-stage and two-

stage convolutional detectors, transformer-

based architectures such as DETR and RT-

DETR have emerged as alternative object 

detection approaches, formulating detection as 

an end-to-end set prediction problem and 

reducing reliance on hand-crafted components 

such as anchor generation and non-maximum 

suppression [22], [23]. The present study 

deliberately focuses on the comparison between 

one-stage YOLOv11 and two-stage Faster R-

CNN under controlled training conditions. 

Faster R-CNN was selected as the two-stage 

baseline because of its extensive use and well-

documented behavior in the object detection 

literature, providing a stable reference for 

comparison with YOLOv11. Extending the 

benchmark to transformer-based detectors such 

as RT-DETR is therefore reserved for future 

work. 

In response to this identified gap, the 

study compares YOLOv11 and Faster R-CNN 

for six-class FFB ripeness detection under 

controlled training conditions. The analysis 

goes beyond overall accuracy by examining 

class-level performance, the types of errors that 

occur, consistency across different runs, and 

XGrad-CAM visualizations. The study 

examines whether the difficulty of detecting 

certain classes remains consistent across 

different one-stage and two-stage architectures. 

This helps determine whether future 

improvements should mainly focus on changing 

the detector's design or on improving the data 

quality and representation of difficult FFB 
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categories. This manuscript presents an original 

development of the authors’ research, based on 

the authors’ own experimental design, analysis, 

and interpretation. 

 

2. METHODS 

 

 This study follows a systematic process 

that includes four primary phases: preparing the 

dataset, training and evaluating the model, 

analyzing its performance, and conducting a 

comparative assessment. The dataset 

preparation stage involves sourcing, splitting, 

and augmentation. The model training stage 

trains both YOLOv11 and Faster R-CNN 

variants using comparable optimizer, batch size, 

and training exposure. The performance 

analysis stage evaluates all models using 

standardized metrics. Finally, the comparative 

assessment stage synthesizes findings to derive 

deployment recommendations. 

 

2.1 Dataset 

 The dataset used in this study is derived 

from a publicly available FFB ripeness 

detection dataset on Roboflow Universe, 

originally comprising annotated images across 

six ripeness categories. Annotations were 

inherited directly from the source dataset and 

were not independently re-verified by the 

authors; inter-annotator agreement could 

therefore not be assessed, which is a relevant 

consideration given the morphological 

ambiguity of categories such as Abnormal. 

 The original dataset exhibited significant 

class imbalance, particularly in the Empty 

Bunch category. Before offline augmentation, 

the Empty Bunch class contained only 266 

images, with 215 images in the training subset, 

making it substantially under-represented 

compared with the other classes. To address this 

imbalance, offline augmentation was applied to 

the training subset of the Empty Bunch class 

using the Albumentations library. Table 1 

summarizes the augmentation operations and 

their parameters. 
 

Table 1. Offline Augmentation 
 

Technique Parameter Prob. 

Horizontal Flip Flips the image horizontally 0.5 

Vertical Flip Flips the image vertically 0.3 

Rotate 90° Randomly rotates 

the image by 90° 

0.5 

Brightness, 

Contrast 

Brightness ±30%, 

Contrast ±30% 

0.7 

Hue, Saturation, 

Value 

Hue ±20, Saturation ±30, 

Brightness ±20 

0.5 

Technique Parameter Prob. 

Gaussian Blur Blur with kernel size 

3×3 to 7×7 pixels 

0.3 

Gaussian Noise Random noise on pixel values 0.3 

Random Shadow 
Adds random shadow 

to the image 
0.3 

CLAHE 
Contrast Limited Adaptive Histogram 

Equalization 
   0.3 

 

 Augmentation was applied exclusively to 

the training subset; the validation and test 

subsets consist solely of original images from 

Roboflow. Restricting augmentation to the 

Empty Bunch class directly addresses its 

pronounced under-representation, but means 

that other classes did not receive the same 

additional visual variability. This strategy may 

alter the effective training distribution of the 

Empty Bunch class, and its potential influence 

on class-specific performance is therefore 

considered when interpreting the results. 

 The original dataset was partitioned 

into training, validation, and test subsets before 

offline augmentation. Offline augmentation 

was subsequently applied only to Empty Bunch 

samples in the training subset, ensuring that 

augmented versions of training images were not 

introduced into the validation or test subsets. 

After the preprocessing and augmentation steps, 

the final dataset included 4,885 images, each 

containing a total of 16,842 annotated instances. 

The final distribution included 3,905 training 

images containing 13,396 instances, 495 

validation images with 1,734 instances, and 485 

test images featuring 1,712 instances. The 

preprocessed and augmented dataset was 

subsequently published on Roboflow Universe 

to ensure reproducibility [24]. Table 2 presents 

the final class distribution across the training, 

validation, and test subsets. 
 

Table 2. Dataset Class Distribution 
 

Class Instances (%) Train/Val/Test 

Abnormal 3,152 18.7 2,568/273/311 

Empty Bunch 3,280 19.5 2,531/378/371 

Overripe 2,911 17.3 2,291/329/291 

Ripe 2,711 16.1 2,223/225/263 

Underripe 2,646 15.7 2,086/297/263 

Unripe 2,142 12.7 1,697/232/213 

Total 16,842 100.0 13,396/1,734/1,712 
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Figure 1. Palm Fruit Ripeness Category 

 

2.2 YOLOv11 Model Architecture 

 YOLOv11 follows the standard YOLO 

single-stage detection paradigm comprising 

three primary components, backbone, neck, and 

detection head. The backbone extracts multi-

scale feature representations using C3k2 

modules, which replace the C2f blocks used in 

YOLOv8, and incorporates a C2PSA (Cross-

Stage Partial with Spatial Attention) module 

after the SPPF block to enhance feature 

representation. The neck performs multi-scale 

feature aggregation through an FPN/PAN 

structure using C3k2 blocks. The decoupled 

detection head produces class predictions and 

bounding-box regression outputs using 

Distribution Focal Loss (DFL) [25]. 

 Five variants spanning a wide complexity 

spectrum were evaluated, YOLOv11n (nano, 

5.23 MB), YOLOv11s (small, 18.30 MB), 

YOLOv11m (medium, 38.65 MB), YOLOv11l 

(large, 48.84 MB), and YOLOv11x (extra-

large, 109.11 MB). All variants were initialized 

with COCO-pretrained weights and fine-tuned 

for 100 epochs using the SGD optimizer 

(Ultralytics v8.4.142). Training 

hyperparameters: initial learning rate (lr0) 0.01 

with cosine learning rate decay (lrf=0.01), 

momentum 0.937, weight decay 0.0005, input 

resolution 640×640 pixels, batch size 8, and a 3-

epoch warmup. 

 

 
 

Figure 2. YOLOv11 architecture 

2.3 Faster R-CNN Model Architecture 

 Faster R-CNN is a two-stage object 

detector that introduces a Region Proposal 

Network (RPN) to generate candidate object 

regions, sharing convolutional features with the 

detection network to enable efficient region 

proposals. In the first stage, the RPN generates 

a set of rectangular object proposals with 

associated objectness scores [13]. In the second 

stage, each proposal is classified and its 

bounding box is refined by a dedicated Region 

of Interest (ROI) head using features pooled via 

ROI Align [26]. The Feature Pyramid Network 

(FPN) integration enables multi-scale detection 

by aggregating feature maps from multiple 

backbone stages, substantially improving 

detection performance on objects of varying 

sizes [27]. 

 Two backbone variants were evaluated: 

R-50-FPN (41.32M parameters, 314.93 MB) 

and R-101-FPN (60.26M parameters, 459.93 

MB), implemented using Detectron2 v0.6 and 

initialized with COCO-pretrained weights. Both 

models were trained using SGD with a base 

learning rate of 0.01, momentum of 0.937, 

weight decay of 0.0005, a batch size of 8, an 

ROI batch size of 128 per image, and a warmup 

period of 1,954 iterations. Training was 

conducted for 48,812 iterations. The learning 

rate was reduced by a factor of 0.1 at iterations 

34,168 and 43,931. 

 

2.4 Experimental Setup 

 Both YOLOv11 and Faster R-CNN 

experiments were conducted on the same 

NVIDIA A100-SXM4-40GB GPU using 

Python 3.13, PyTorch 2.11.0+cu128, and 

CUDA 12.8. The input resolution was 

standardized to 640×640 pixels across all 

models. Table 3 summarizes the training 

configurations for both architectures. 
 

Table 3. Training Configuration  
 

Parameter YOLOv11 Faster R-CNN 

Framework Ultralytics 

(v8.4.142) Detectron2 (v0.6) 

Input Resolution 640640 640640 
Pretrained Weights COCO COCO 

Optimizer SGD SGD 
Batch Size 8 8 

Initial Learning Rate 0.01 0.01 

Momentum 0.937 0.937 

Weight Decay 0.0005 0.0005 
Random Seed 42 42 

Warmup 3 epochs 1,954 iterations 

Total Training 

Exposure 

100 epochs 

(~390,500 

images seen) 

48,812 iterations 

(~390,500 images 

seen) 
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 The optimizer, initial learning rate, 

momentum, weight decay, batch size, input 

resolution, and total training exposure were 

matched across the two architectures to reduce 

major training-related confounding factors. 

Although the training schedules are expressed 

differently in epochs for YOLOv11 and 

iterations for Faster R-CNN, both 

configurations correspond to approximately 

390,500 image exposures. 

 No extensive hyperparameter search was 

performed for either architecture. The objective 

was not to identify the individually optimal 

configuration for each detector, but to compare 

the architectures under a controlled and 

reproducible training protocol. Therefore, the 

reported results should be interpreted as 

comparative performance under the specified 

configuration rather than as the absolute optimal 

performance of each architecture. 

 A fixed random seed of 42 was used for 

the full model benchmark to ensure 

reproducibility and consistent comparison 

across all variants. To assess run-to-run 

stability, the best-performing representative 

model from each architecture was additionally 

trained using seeds 123 and 2026. The results 

from seeds 42, 123, and 2026 were then 

summarized using the mean and standard 

deviation. 

 Training time ranged from 0.81 hours 

(YOLOv11n) to 1.78 hours (YOLOv11x) over 

100 epochs, and from 0.19 hours (Faster R-

CNN R-50-FPN) to 0.25 hours (R-101-FPN) 

over 48,812 iterations. Peak GPU memory 

usage during YOLOv11 training ranged from 

2.35 GB (YOLOv11n) to 16.0 GB 

(YOLOv11x); corresponding figures for Faster 

R-CNN were not captured in the training logs, 

as Detectron2 does not report this metric by 

default. 

 

 
 

Figure 3. Training and validation curves for YOLOv11m 

 

 
 

Figure 4. Training loss curves for R-101-FPN 

 

2.5 Evaluation Metrics 

 Detection performance was evaluated 

using the following metrics. Precision, Recall, 

and F1-score were used to evaluate detection 

performance and the balance between false-

positive and false-negative predictions, defined 

as: 

                𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
                 (1) 

 

                   𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
                    (2) 

 

           𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
           (3) 

 

where TP, FP, and FN denote true positives, 

false positives, and false negatives respectively. 

mAP50 measures mean Average Precision at an 

Intersection over Union (IoU) threshold of 0.50, 

while mAP50-95 averages AP across ten IoU 

thresholds from 0.50 to 0.95 at intervals of 0.05. 

The mAP50-95 metric provides a more 

stringent measure of localization quality and is 

used as the primary ranking criterion in this 

study [28], [29]. 

 During test-set evaluation, confidence 

thresholds were applied to filter low-confidence 

detections before fixed-threshold performance 

and qualitative analyses. The threshold settings 

used for YOLOv11 and Faster R-CNN followed 

the respective evaluation configurations and are 

reported explicitly to ensure reproducibility. 

The confidence threshold affects fixed-

threshold outputs such as precision, recall, F1-

score, confusion matrices, and qualitative 

detections, whereas mAP50 and mAP50-95 

were obtained from the corresponding 

precision-recall evaluation procedures. 

 Computational efficiency was assessed 

using Frames Per Second (FPS), model size in 

megabytes (MB), and total parameter count in 

millions (M). FPS for Faster R-CNN was 

measured following a 10-iteration warm-up, 

then averaged over 100 inference passes on 
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individual test images (batch size 1) using 

Detectron2's DefaultPredictor; reported timing 

includes image loading (I/O) in addition to 

model inference. YOLOv11 FPS was measured 

using the Ultralytics validation pipeline under 

comparable settings (batch size 1). Neither 

TensorRT nor mixed-precision acceleration was 

used for either architecture. 

 The reported FPS values were obtained 

using the native evaluation pipelines of the 

respective frameworks. Because the exact 

timing scope of image loading, preprocessing, 

inference, and post-processing may differ 

between Ultralytics and Detectron2, small FPS 

differences should be interpreted with caution. 

A threshold of 24 FPS is used in this study as an 

operational indicator of real-time-capable 

inference under the present GPU-based 

benchmark [30]. Exceeding this threshold does 

not by itself establish suitability for field 

deployment, which would require validation on 

the target edge hardware under actual plantation 

conditions. 

 

2.6 Explainability Analysis 

 To provide qualitative insight into class-

level detection difficulty, XGrad-CAM was 

applied to the best-performing variant of each 

architecture. For each of the six ripeness 

categories, two test-set samples were selected, 

cropped to their bounding-box regions with 

50% padding, and passed through the respective 

model to generate class activation maps. For 

YOLOv11, the selected target layer was the 

final block of the backbone; for Faster R-CNN, 

the target layer was the final stage of the ResNet 

backbone [31], [32], [33]. Activation maps were 

qualitatively compared across classes to assess 

whether attention dispersion correlates with 

per-class detection difficulty (Section 3). 

 

3. RESULTS AND DISCUSSION 

 

 This section presents the detection 

performance of YOLOv11 and Faster R-CNN 

under the matched training configuration 

described in Section 2, followed by a class-level 

analysis examining whether detection difficulty 

is consistent across the two architectures. 

 

3.1 Overall Detection Performance 

 Table 4 presents the overall detection 

performance of all seven models evaluated on 

the test set under the matched training 

configuration described in Section 2.4. All 

YOLOv11 variants achieve mAP50 values 

above 99.2%, slightly exceeding both Faster R-

CNN variants (98.39%–98.52%). The 

performance gap becomes more pronounced at 

mAP50-95, where YOLOv11m achieves the 

highest score of 89.00%, compared with 

85.91% for Faster R-CNN R-101-FPN, 

corresponding to a 3.09 percentage-point 

advantage. YOLOv11 also achieves higher 

precision, recall, and F1-score than the Faster R-

CNN variants, with the largest differences 

observed in recall and F1-score. In terms of 

inference speed, all YOLOv11 variants exceed 

the 24 FPS operational real-time threshold, 

ranging from 45.16 to 76.81 FPS. Faster R-

CNN R-50-FPN achieves 29.18 FPS and 

remains above the threshold, whereas R-101-

FPN reaches 23.30 FPS and falls marginally 

below it [28], [30]. Faster R-CNN also has 

substantially larger model sizes (314.93–459.93 

MB) than YOLOv11 (5.23–109.11 MB), 

indicating a greater computational and storage 

burden for resource-constrained deployment. 

 

 
 

Figure 5. Accuracy-speed tradeoff 
 

 The consistently high mAP50 values 

(>98% for all seven models) warrant discussion, 

as near-saturated accuracy can sometimes 

indicate an overly homogeneous dataset rather 

than genuine model capability. Several factors 

support the plausibility of these results in the 

present case. First, the six ripeness categories 

exhibit distinguishable overall bunch 

characteristics, including color, fruitlet density, 

and surface texture, although adjacent ripeness 

categories may still share similar visual 

characteristics. This helps make mAP50, with 

its less stringent IoU measure, possible while 

still keeping open the possibility of variation in 
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terms of localization precision. Secondly, the 

growing difference seen under the mAP50-95 

criteria, where the score ranges between 85.14% 

to 89.00%, not saturating towards its maximum 

value, shows that the localization of bounding 

boxes is a distinguishing factor among the 

models. Thirdly, offline data augmentation was 

done on the training set of the Empty Bunch 

class but not on the validation or test sets that 

had original images only. 

  Nonetheless, because the source dataset's 

image-acquisition conditions, including the 

number of distinct plantation sites or capture 

sessions, are not fully documented, the 

possibility that images across splits share 

background, lighting, or acquisition 

characteristics cannot be entirely excluded. 

Evaluation on an independently collected, more 

heterogeneous dataset is therefore identified as 

a direction for future work. 
 

Table 5. Repeated Training Across Random Seeds 

mAP 50-95 (%) 
 

Model YOLOv11m R-101-FPN 

Seed 42 89.00 85.91 

Seed 123 89.21 85.88 

Seed 2026 88.83 86.56 

Mean ± SD 89.01 ± 0.19 86.12 ± 0.38 

 

 To assess the stability of the observed 

performance across different random 

initializations, YOLOv11m and Faster R-CNN 

R-101-FPN were additionally evaluated using 

three random seeds (42, 123, and 2026). As 

shown in Table 5, YOLOv11m achieved a mean 

mAP50-95 of 89.01 ± 0.19%, while Faster R-

CNN R-101-FPN achieved 86.12 ± 0.38%. 

YOLOv11m therefore maintained an average 

advantage of 2.89 percentage points across the 

evaluated seeds. The relatively small standard 

deviations indicate that the performance of both 

representative models remained stable across 

repeated runs. 

 The consistency observed across 

repeated runs further supports the reliability of 

the comparative findings and indicates that the 

overall ranking between the two representative 

models is not highly sensitive to random 

initialization. To complement these quantitative 

results, representative detection outputs from 

YOLOv11m and Faster R-CNN R-101-FPN are 

presented in Figures 6 and 7, respectively.  

These examples provide a qualitative view of 

the models’ prediction behavior across different 

ripeness categories and illustrate their ability to 

localize multiple bunches under varied visual 

conditions. 

 

 
 

Figure 6. Detection prediction samples for YOLOv11m 

 

 
 

Figure 7. Detection prediction samples for R-101-FPN 

 

3.2 Per-Class Detection Analysis and 

Error Characteristics 

Table 4. Overall Detection Performance 
 

Model mAP50 (%) mAP50-95 (%) Prec. (%) Recall (%) F1 (%) FPS Size (MB) 

YOLOv11n 99.29 87.00 98.95 99.05 99.00 76.81 5.23 

YOLOv11s 99.37 88.48 99.27 99.51 99.39 73.91 18.30 

YOLOv11m 99.32 89.00 99.01 99.36 99.18 64.42 38.65 

YOLOv11l 99.31 88.82 99.07 99.53 99.30 45.92 48.84 

YOLOv11x 99.33 88.27 99.29 99.50 99.39 45.16 109.11 

R-50-FPN 98.39 85.14 97.36 93.06 95.16 29.18 314.93 

R-101-FPN 98.52 85.91 97.64 95.24 96.43 23.30 459.93 
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 Table 6 presents the per-class AP50-95 

results for the best-performing variant of each 

architecture. 
 

Table 6. Per-Class AP50-95 (%) 
 

Model YOLOv11m R-101-FPN 

Abnormal 84.64 81.07 

Empty Bunch 87.61 82.51 

Overripe 88.30 84.37 

Ripe 90.55 88.09 

Underripe 90.87 89.35 

Unripe 92.04 90.08 

 

 The central finding of this analysis is that 

both representative models exhibit the same 

per-class difficulty ranking. Unripe is 

consistently the easiest category to detect, 

followed by Underripe, Ripe, Overripe, and 

Empty Bunch, with Abnormal being the most 

difficult category for both the one-stage 

YOLOv11m and the two-stage Faster R-CNN 

R-101-FPN. This ranking is consistent across 

both representative models. Despite substantial 

differences in their detection mechanisms, both 

architectures show a similar pattern of class-

level difficulty, suggesting that the observed 

differences may be strongly influenced by the 

visual characteristics of the FFB categories 

themselves. Unripe fruitlets tend to exhibit 

relatively consistent visual characteristics, 

whereas the Abnormal category may contain 

more heterogeneous appearances, making it 

more challenging to characterize consistently. 
 

 
 

Figure 8. Per-Class AP Comparison 
 

 
 

Figure 9. Confusion Matrix YOLOv11m 

 Inspection of the YOLOv11m confusion 

matrix shows that the residual errors are 

dominated by background-associated 

detections, particularly for the Overripe and 

Unripe classes (6–7 cases each), together with a 

small number of missed detections (2 cases for 

Ripe and 1 for Underripe). In contrast, direct 

confusion between ripeness categories occurred 

in only three isolated instances. For Faster R-

CNN R-101-FPN, the observed errors were 

more frequently associated with confusion 

between visually adjacent ripeness stages, 

including Ripe misclassified as Unripe and 

Unripe misclassified as Overripe. 

 
 

Figure 10. Confusion Matrix R-101-FPN 
 

 These results suggest that the two 

architectures may exhibit different error 

patterns despite sharing a similar overall per-

class difficulty ranking. YOLOv11m shows 

more background-associated detection errors, 

whereas Faster R-CNN R-101-FPN exhibits 

more confusion among visually similar ripeness 

categories. These differences may be related to 

their distinct detection mechanisms; however, 

because no component-level ablation study was 

conducted, they cannot be causally attributed to 

specific architectural components such as 

C2PSA, anchor-free prediction, or the region-

proposal stage. 

 

3.3 Explainable AI Analysis 

 To further examine the source of class-

level difficulty, XGrad-CAM was applied to 

YOLOv11m and Faster R-CNN R-101-FPN, 

the best-performing variant of each architecture. 

Figure 11 and Figure 12 present representative 

activation maps for all six ripeness categories 

for YOLOv11m and Faster R-CNN R-101-

FPN, respectively. 
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Figure 11. XGrad-CAM activation maps for YOLOv11m  

 

 
 

Figure 12. XGrad-CAM activation maps for R-101-FPN 

 

 For both models, activation maps for 

Unripe, Underripe, and Ripe, which achieved 

relatively high per-class AP, generally show 

more compact and localized activation around 

the fruit bunch. In contrast, Empty Bunch and 

Abnormal, the two lowest-performing 

categories, exhibit more dispersed activation 

patterns. For YOLOv11m, activation is 

distributed across multiple regions rather than 

being concentrated in a single area, while Faster 

R-CNN R-101-FPN shows broader and less 

sharply defined activation compared with the 

more localized patterns observed in the higher-

performing classes. Overripe exhibits an 

intermediate pattern, consistent with its 

intermediate per-class AP. Because this analysis 

is based on a limited number of representative 

test samples rather than a quantitative 

assessment of the full test set, the activation 

maps should be interpreted as qualitative 

evidence only. Nevertheless, the observed 

patterns are broadly consistent with the per-

class AP ranking in Table 6 and suggest that 

visually ambiguous categories may require less 

concentrated feature attention across both 

architectures. 

 

3.4 Cross-Architecture Comparison and 

Practical Implications 

 Table 7 summarizes the comparison 

between the optimal variant of each 

architecture. 
 

Table 7. Comparison of YOLOv11m and R-101-FPN  
 

Metric YOLOv11m R-101-FPN 
mAP50 99.32 98.52 

mAP50-95 89.00 85.91 

F1-Score 99.18 96.43 

FPS 64.42 23.30 

Model Size 38.65 459.93 

 

 YOLOv11m is the more favorable choice 

when inference speed and model footprint are 

primary considerations, providing 

approximately 2.8× higher inference speed at 

about one-twelfth the model size, while also 

achieving a 3.09 percentage-point advantage in 

mAP50-95. The repeated-run analysis in Table 

5 further shows that this performance advantage 

remains consistent across the evaluated random 

seeds. 

 Both representative models nevertheless 

exhibit the same overall per-class difficulty 

ranking, suggesting that the difficulty of 

categories such as Abnormal and Empty Bunch 

is not unique to a single detector architecture. 

Together with the qualitative XGrad-CAM 

observations in Section 3.3, this finding 

suggests that targeted data-centric 

improvements may be useful for these difficult 

categories. Such improvements may include 

collecting additional Abnormal samples 

covering a broader range of visual appearances 

and improving annotation consistency for 

morphologically ambiguous bunches. These 

observations do not exclude potential benefits 

from further architectural optimization, but 

indicate that dataset characteristics should also 

be considered when seeking additional 

performance gains [34]. 

 The error analysis in Section 3.2 further 

shows that the two models exhibit different 

residual error patterns. YOLOv11m shows 

more background-associated detection errors, 

whereas Faster R-CNN R-101-FPN exhibits 

more confusion between visually similar 

ripeness categories. These patterns provide 

additional considerations for model selection 

and future improvement, although they cannot 
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be causally attributed to specific architectural 

components without dedicated ablation 

experiments. 

 

3.5 Limitations 

 Several limitations should be considered 

when interpreting these results. First, repeated-

run analysis was conducted only for the best-

performing representative model of each 

architecture, YOLOv11m and Faster R-CNN R-

101-FPN, rather than for all seven evaluated 

model variants. Although the relatively small 

standard deviations across three random seeds 

indicate stable performance for these 

representative models, variability across the 

remaining variants was not assessed. Second, 

the XGrad-CAM analysis in Section 3.3 was 

based on two representative test samples per 

class per model rather than on a systematic 

quantitative analysis of activation patterns 

across the full test set. The resulting 

visualizations should therefore be interpreted as 

qualitative and illustrative rather than 

conclusive evidence. Third, annotations were 

inherited from the source dataset without 

independent re-verification, and inter-annotator 

agreement could not be assessed. This 

limitation may be particularly relevant for 

morphologically ambiguous categories such as 

Abnormal. Finally, the source dataset does not 

fully document the diversity of image 

acquisition conditions, including plantation 

sites, capture sessions, illumination, occlusion, 

and viewpoint variation. Consequently, 

validation on an independently collected and 

more heterogeneous dataset is necessary to 

further assess the generalizability of the high 

detection performance observed in this study. 

 

CONCLUSION 

 

 This study compared five YOLOv11 

variants (n, s, m, l, and x) and two Faster R-

CNN variants (R-50-FPN and R-101-FPN) for 

palm oil Fresh Fruit Bunch (FFB) ripeness 

detection across six ripeness categories. The 

models were evaluated on a dataset containing 

16,842 annotated instances under a controlled 

training protocol with matched optimizer, initial 

learning rate, momentum, weight decay, batch 

size, input resolution, and approximately 

equivalent total training exposure. Among the 

evaluated models, YOLOv11m achieved the 

best overall performance, reaching an mAP50-

95 of 89.00%, compared with 85.91% for Faster 

R-CNN R-101-FPN, corresponding to a 3.09 

percentage-point advantage. YOLOv11m also 

achieved substantially higher inference speed 

(64.42 versus 23.30 FPS) while requiring 

approximately one-twelfth the model size. 

Repeated-run analysis of the two representative 

models across three random seeds further 

supported the stability of this comparison. 

YOLOv11m achieved a mean mAP50-95 of 

89.01 ± 0.19%, whereas Faster R-CNN R-101-

FPN achieved 86.12 ± 0.38%. The relatively 

small variation across runs indicates that the 

observed performance pattern was consistent 

across the evaluated random initializations. 

 At the class level, both representative 

models exhibited the same overall difficulty 

ranking, with Unripe achieving the highest per-

class AP and Abnormal the lowest. XGrad-

CAM visualizations also showed more 

localized activation patterns for higher-

performing categories and more dispersed 

activation for difficult categories such as 

Abnormal and Empty Bunch. Because the 

explainability analysis was qualitative and 

based on a limited number of samples, these 

observations should not be interpreted as 

evidence of a causal relationship. Nevertheless, 

the consistency between the per-class AP 

results and activation patterns suggests that 

visual ambiguity within the FFB categories 

contributes to the observed detection difficulty 

across both architectures. 

 The two architectures also exhibited 

different residual error patterns. YOLOv11m 

showed more background-associated detection 

errors, whereas Faster R-CNN R-101-FPN 

exhibited more confusion between visually 

similar ripeness categories. These findings 

suggest that future improvements should 

consider both model design and dataset 

characteristics. In particular, difficult categories 

such as Abnormal and Empty Bunch may 

benefit from additional targeted samples 

covering greater visual diversity and from 

improved annotation consistency. 

 Under the present NVIDIA A100 GPU-

based benchmark, YOLOv11m provides the 

most favorable accuracy-speed-model-size 

trade-off among the evaluated models and 

demonstrates potential for real-time FFB 

ripeness detection. However, the reported GPU 

inference performance should not be interpreted 

as direct evidence of field-deployment 
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readiness. Future work should therefore 

evaluate the models on resource-constrained 

edge hardware and under more challenging 

field conditions, including variations in 

illumination, occlusion, motion blur, viewing 

angle, and plantation environment. Repeated-

run evaluation should also be extended to the 

remaining model variants, while comparisons 

with additional contemporary detectors, 

including transformer-based architectures such 

as RT-DETR, would provide a broader 

assessment of architectural performance. 
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