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ABSTRACT 
Purpose – This study aimed to develop an automated oil palm fruit maturity 
level detection system using the real-time detection transformer (RT-DETR) 
algorithm to overcome the limitations of conventional visual inspection 
methods, which are often subjective and inconsistent. This study evaluated the 
effectiveness of the RT-DETR in detecting and classifying oil palm fruit maturity 
levels to support quality control processes in plantation operations. 
Method – A computer vision-based approach was implemented using the RT-
DETR-L object detection model. The dataset consisted of 14,620 annotated oil 
palm fruit images categorized into four maturity levels: unripe, underripe, ripe, 
and overripe. The research process included data collection, image annotation, 
preprocessing, model training, and evaluation of the model. The model 
performance was assessed using precision, recall, mean Average Precision 
(mAP@50), and inference speed metrics. 
Findings – The experimental results show that the RT-DETR-L model achieved 
a precision of 93.2%, 95.6%, and mAP@50 of 96.9%, respectively. The model 
successfully detected and classified oil palm fruit maturity levels across all 
categories with high accuracy. Furthermore, the model achieved an inference 
time of 25–28 ms per image and a processing speed of 10–14 FPS on an NVIDIA 
RTX 3050 4GB GPU, demonstrating its capability for real-time applications. 
Research Implications – The findings indicate that RT-DETR-L can improve the 
efficiency, consistency, and accuracy of oil palm fruit sorting and quality control 
processes. However, this study was limited to the available datasets and testing 
scenarios used. Future research should evaluate the model under diverse 
environmental conditions, lighting variations, and field deployment settings to 
improve its generalizability and robustness. 
Originality – Unlike previous studies that primarily employed CNN-based 
detectors or focused on binary maturity classification, this study investigated the 
application of a transformer-based RT-DETR-L architecture for detecting four oil 
palm fruit maturity categories. The results demonstrate that RT-DETR-L can 
provide high detection accuracy while maintaining real-time performance in 
smart agriculture applications. 
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INTRODUCTION  

Oil palm (Elaeis guineensis) is one of the most important plantation commodities and plays a strategic 
role in Indonesia’s economy. According to [1], the total area of oil palm plantations in Indonesia has 
exceeded 15 million hectares, positioning Indonesia as one of the world’s largest producers of crude 
palm oil (CPO). The continuous expansion of plantation areas has increased the demand for more 
efficient harvesting, sorting, and processing systems that can maintain product quality while 
supporting large-scale production [2]. Among the factors affecting palm oil quality, the maturity level 
of harvested fruit is one of the most critical determinants of oil yield and overall production efficiency 
of palm oil. 

The maturity level of oil palm fruit directly influences both the oil extraction rate and the free fatty 
acid (FFA) content. Harvesting fruit before or after its optimal maturity stage may reduce oil yield and 
negatively affect the quality of the resulting CPO [3], [4]. Therefore, an accurate maturity assessment 
is essential for ensuring product quality and maximizing economic returns. However, maturity level 
determination in many plantations and palm oil mills is still performed manually through visual 
inspections. This conventional approach relies heavily on workers’ experience and subjective 
judgment, often resulting in inconsistent classification [5]. Variations in lighting conditions, fruit 
color appearance, fruit bunch arrangements, and complex backgrounds further complicate the 
assessment process and increase the likelihood of classification errors [6]. In large-scale plantation 
operations, inaccurate maturity level identification may adversely affect sorting efficiency, 
processing performance, and the quality of the final product[7]. 

Recent advances in artificial intelligence and computer vision have created new opportunities for 
automating agricultural inspections. Computer vision is a branch of artificial intelligence that enables 
computers to automatically acquire, process, and interpret visual information from digital images 
and video. In agricultural applications, computer vision technologies have been increasingly utilized 
for crop monitoring, disease detection, yield estimation, and fruit quality assessment. In the oil palm 
sector, these technologies provide a promising solution for automatic maturity level detection based 
on visual characteristics such as color, texture, and fruit morphology [8]. 

Object detection is one of the most important areas of computer vision [9]. Unlike image 
classification, which only predicts the category of an image, object detection simultaneously 
identifies object classes and determines their locations within an image using bounding boxes [10]. 
This capability is particularly valuable in agricultural environments, where multiple objects may 
appear in a single image under varying environmental conditions. Real-time object detection systems 
can support automated sorting and monitoring processes by providing rapid and accurate 
information on the detected objects [11]. 

Several studies have explored the application of machine learning and deep learning techniques for 
oil palm fruit maturity classification. A previous study  [12] employed a convolutional neural network 
(CNN) model to classify oil palm fruit maturity levels and reported an average accuracy of 76.52%, a 
best accuracy of 82.61% and an F1-score of 0.76. These findings demonstrate the potential of deep 
learning approaches for automating maturity identification. However, the proposed method focuses 
primarily on image-level classification and does not provide object localization capabilities. 
Consequently, the model may face limitations when applied to complex field environments 
containing multiple fruits or under varying visual conditions. 

Another study [13] utilized the K-nearest neighbor (K-NN) algorithm based on manually extracted 
color, shape, and texture features of fruits. The highest classification accuracy of 96.6% was achieved 
using color features, whereas the shape and texture features achieved accuracies of 73.3% and 66%, 
respectively. Although the results demonstrated promising performance, this approach remained 
highly dependent on handcrafted feature extraction. These methods are generally sensitive to 
changes in illumination, camera angles, and background variations, limiting their robustness in real 
plantation environments. Furthermore, K-NN-based approaches do not support real-time object 
detection and may be less suitable for large-scale operational deployment [14]. 
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The limitations identified in previous studies reveal several research gaps. First, many existing 
approaches focus solely on image classification without incorporating object localization capabilities 
[15], [16] [17]. For example, Shiddiq et al. [16] developed a multispectral imaging–based oil palm 
fruit bunch maturity detection system using the YOLOv4 algorithm and reported an mAP@0.50 of 
99.47%, with precision values of 0.92 and 0.88 and recall values of 0.99 for ripe and unripe classes, 
respectively. The system was also evaluated on a moving conveyor and achieved processing speeds 
of 2.99–3.88 FPS. Although this study demonstrated excellent detection performance under a 
controlled multispectral imaging environment, the proposed system was limited to binary maturity 
classification (ripe and unripe) and relied on specialized imaging hardware. Such requirements may 
restrict the scalability and deployment in more diverse plantation environments, where multiple 
maturity levels must be identified using conventional RGB imagery. Second, traditional machine 
learning methods require manual feature engineering, which reduces their adaptability to diverse 
environmental conditions. Third, previous studies have reported challenges in achieving a balance 
between detection accuracy and computational efficiency, highlighting the need for more advanced 
object detection architectures that are suitable for operational environments. These gaps indicate 
the need for object detection architectures capable of providing accurate localization and multi-class 
maturity classification while maintaining computational efficiency under complex operating 
conditions. 

To address these challenges, this study proposes the implementation of a real-time detection 
transformer large (RT-DETR-L) model for the automated detection of oil palm fruit maturity levels. 
The RT-DETR-L is a transformer-based object detection architecture designed to achieve high 
detection accuracy while maintaining computational efficiency, making it suitable for real-time 
object detection scenarios [18]. The model combines the feature extraction capabilities of 
convolutional neural networks (CNNs) with the advantages of global context modeling of 
transformer architectures, thereby enabling a more effective representation of the spatial 
relationships among the detected objects. In addition, RT-DETR offers improved computational 
efficiency and inference speed, making it suitable for automated object detection applications in real-
world environments [19] [20]. 

The significance of this study lies in its potential contribution to the development of intelligent 
agricultural technologies in the palm oil industry. By enabling automated and accurate maturity level 
detection, the proposed system can support more efficient sorting operations, reduce human error, 
and improve quality control processes throughout the production chain. Furthermore, the 
implementation of real-time object detection technologies aligns with ongoing efforts to modernize 
agricultural production systems using artificial intelligence and digital transformation. 

Therefore, this study aimed to evaluate the effectiveness of the RT-DETR-L model in detecting oil 
palm fruit maturity levels using computer vision techniques. Specifically, this study investigated the 
model’s ability to classify oil palm fruits into four maturity categories: unripe, underripe, ripe, and 
overripe, and assessed its performance using precision, recall, and mean Average Precision (mAP) 
metrics. In addition, this study examined the suitability of RT-DETR-L for automated agricultural 
inspection tasks under varying visual conditions. We hypothesized that RT-DETR-L could achieve 
high detection accuracy and robust object localization performance, making it a suitable approach 
for automated oil palm fruit maturity assessment and smart agriculture applications. 

 

METHOD 

Research Design 

This study employed a quantitative experimental research design to develop and evaluate an 
automated oil palm fruit maturity level detection system using a Real-Time Detection Transformer 
Large (RT-DETR-L) model. This study focused on assessing the capability of a transformer-based 
object detection architecture to identify, localize, and classify oil palm fruits according to their 
maturity levels using digital-image analysis. RT-DETR-L was selected because it combines 
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convolutional neural network (CNN)-based feature extraction with transformer-based global context 
modeling, enabling accurate object localization and classification while maintaining computational 
efficiency suitable for real-time object detection applications [21] [22]. 

Population and Sampling Method 

The population in this study consisted of digital images of oil palm fruits representing various 
maturity stages. A purposive sampling method was applied to ensure that the dataset adequately 
represented the visual characteristics of each maturity category. The final dataset comprised 14,620 
images divided into four classes: unripe, underripe, ripe, and overripe. 

The dataset was obtained from two sources: primary data consisting of 1,000 images 
collected through direct documentation at the practice plantation of the Institut Teknologi 
Sawit Indonesia (ITSI) using a smartphone. The secondary data consisted of 13,620 images 
obtained from the publicly available Palm Oil 2 dataset hosted on the Roboflow Universe 
platform (Dataset ID: palm-oil-2-1gztp, Version 1). In addition, most of the images used in this 
study were obtained from the publicly available Roboflow dataset. Although the inclusion of primary 
images increased data diversity, the dataset may not fully represent the variability in plantation and 
palm oil mill environments. Consequently, domain shifts related to lighting conditions, camera 
specifications, fruit presentation, and operational settings may affect the performance of models 
when deployed in real-world applications. Data collection will be conducted between January and 
February 2026. 

Prior to model training, all images were manually reviewed and annotated using bounding box labels 
corresponding to the four maturity categories. Annotation was performed by two researchers with 
domain knowledge of oil palm agronomy, using standardized annotation guidelines applied 
uniformly across all classes. Each bounding box was drawn to encompass the full fruit bunch and 
assigned one of four maturity labels: unripe, underripe, ripe, or overripe. 

 To ensure annotation consistency, a sample audit of approximately 10% of the annotated images 
was conducted by a third reviewer, and discrepancies were resolved through discussion before the 
images were included in the final dataset. Agreement among annotators was evaluated during the 
auditing process, and labeling inconsistencies were corrected prior to dataset finalization to ensure 
annotation reliability. This procedure was conducted to minimize labeling inconsistencies and 
improve the reliability of the dataset used for model development [23]. 

To support the model development and evaluation, the dataset was divided into training, validation, 
and testing subsets using a 70:20:10 ratio. Prior to partitioning, preprocessing and export were 
conducted on the Roboflow platform, during which images that did not meet quality standards, 
including those with missing annotations, corrupted files, or duplicate entries, were excluded from 
the final split. Following this filtering process, 12,690 images were retained for the model 
development. The final distribution was as follows: the training subset consisted of 8,883 images 
containing approximately 17,693 annotated instances; the validation subset consisted of 2,538 
images containing approximately 5,054 annotated instances; and the testing subset consisted of 
1,269 images containing 2,528 annotated instances. Each subset maintained a balanced class 
distribution across the four maturity categories. This partitioning strategy enabled the model 
performance to be assessed on previously unseen data while reducing the risk of overfitting and 
improving the reliability of the performance evaluation. 

 

Table 1. Dataset Split Distribution 

Dataset Type Percentage Number of Images 

Training Data 70% 8,883 

Validation Data 20% 2,538 

Testing Data 10% 1,269 
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Dataset Type Percentage Number of Images 

Total 100% 12,690 

 

Table 1 presents the distribution of the dataset after preprocessing and quality filtering. A total of 

12,690 images were retained and divided into training, validation, and testing subsets using a 

70:20:10 ratio, respectively. This partitioning strategy was applied to ensure sufficient data for 

model learning while maintaining reliable validation and testing sets for performance evaluation. 

Instrumentation and Research Instruments 

The primary research instrument was a labeled image dataset consisting of oil palm fruit images with 
corresponding bounding-box annotations. Image annotation was performed using the Roboflow 
platform, where each fruit object was assigned a bounding box and classified according to its 
maturity. The annotation process was used as a reference standard for the model training and 
evaluation. Labels were assigned based on the visual maturity characteristics of each fruit bunch, 
including surface color, texture, and the presence of loose fruits, following the established agronomic 
criteria for oil palm maturity classification. 

All images were stored in JPG format and maintained at a minimum resolution of 640 × 640 pixels. 
The RT-DETR-L model was implemented using the Ultralytics deep learning framework and trained 
on Google Colab A100 High-RAM, equipped with an NVIDIA A100 GPU. The experimental 
environment also included an Intel Core i5 processor (or equivalent), 8 GB RAM, and 512 GB of SSD 
storage. To evaluate the deployment performance under practical conditions, inference testing was 
conducted on a local computer equipped with an NVIDIA GeForce RTX 3050 GPU with 4 GB VRAM. 

Research Procedure 

This study utilized the RT-DETR-L architecture provided by the Ultralytics framework with pre-
trained weights (rtdetr-l/.pt) and the default backbone configuration defined in the official 
implementation. The research procedure consisted of four main stages: dataset preparation, data 
pre-processing, model training, and evaluation. During the dataset preparation stage, oil palm fruit 
images were collected, categorized, and annotated based on their maturity levels. Each image was 
manually labeled to identify the location and class of the target objects [17]. 

The preprocessing stage was conducted to ensure compatibility with the RT-DETR architecture. First, 
all images were resized to 640 × 640 pixels to satisfy the model input requirements [24]. Pixel 
normalization was applied to improve the training stability and convergence. To increase data 
diversity and improve generalization performance, data augmentation techniques, including 
horizontal flipping, translation, scaling, mosaic augmentation, and RandAugment, were applied 
during training [25]. 

Following preprocessing, the RT-DETR-L model was initialized using pre-trained weights (rtdetr-l. 
pt) and trained using the prepared dataset. The model was trained for 150 epochs with a batch size 
of 32 and an input image resolution of 640 × 640 pixels. Training was performed using the AdamW 
optimizer with an initial learning rate of 0.0001 and a weight-decay coefficient of 0.0005. The data 
augmentation techniques included horizontal flipping, translation, scaling, mosaic augmentation, 
and RandAugment. During training, the model performed forward propagation to generate object 
predictions and backpropagation to update the network parameters based on the calculated loss 
function. Validation was conducted after each training epoch to monitor the performance and 
prevent overfitting. The model with the best validation performance was saved and used for the final 
testing. 
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Data Analysis Plan 

The model performance was evaluated using standard object detection metrics, including precision, 
recall, F1-score, and mean Average Precision at an Intersection over Union threshold of 0.5 
(mAP@50). These metrics are widely used to assess object detection performance and provide 
comprehensive information regarding the classification accuracy and localization quality [26]. 

Precision measures the proportion of correctly predicted positive detections among all positive 
predictions. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
   (1) 

 

Recall measures the proportion of correctly detected objects among all actual positive objects, as 
follows: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
   (2) 

 

The F1-score represents the harmonic mean of precision and recall as follows: 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2𝑥 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 x 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
  (3) 

 

In addition to the detection accuracy metrics, the inference performance was evaluated using the 
inference time and processing speed. During validation on an NVIDIA A100 GPU, the RT-DETR-L 
model achieved an inference time of 2.4 ms per image, with a total processing time of approximately 
2.8 ms per image, including preprocessing and postprocessing. Deployment testing on an NVIDIA 
GeForce RTX 3050 4 GB GPU achieved an inference time of 25–28 ms per image and a processing 
speed of 10–14 FPS. 

Methodological Limitations 

This study focused exclusively on the application of RT-DETR for oil palm fruit maturity level 
detection using image data. The model was trained and evaluated using four maturity categories 
under specific environmental conditions represented in the dataset. Consequently, the model 
performance may be influenced by factors such as image quality, illumination variation, camera 
specifications, annotation consistency, and dataset diversity. Although data augmentation was 
employed to improve robustness, further validation using larger datasets and more diverse 
plantation environments is required to strengthen the generalizability of these findings. 

 

RESULTS AND DISCUSSION 

Results 

This section presents the experimental results of the Real-Time Detection Transformer Large (RT-
DETR-L) model for detecting oil palm fruit maturity levels based on digital images. The evaluation 
results included a confusion matrix, precision–recall analysis, confidence-based performance curves, 
quantitative detection metrics, and visualization of the object detection outputs. The results are 
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presented through evaluation metrics, graphs, tables, and detection visualizations to demonstrate 
the model’s ability to accurately classify and localize oil palm fruits across different maturity 
categories while maintaining real-time detection performance. 

Confusion Matrix 

A confusion matrix was employed to analyze the classification performance of the RT-DETR-L model 
by comparing the actual maturity labels with the results predicted by the model. This matrix presents 
the number of correct predictions and misclassifications for each category, enabling a more 
comprehensive evaluation of the per-class detection performance in terms of the precision and recall. 

 

Figure 1. Confusion Matrix 

 

As shown in Figure 1, most instances were correctly predicted, as indicated by the dominance of high 
values on the matrix diagonal. The unripe, underripe, ripe, and overripe classes exhibited strong true-
positive counts, demonstrating the model's high mAP and reliable classification capability across all 
maturity categories. Some misclassifications were still observed, particularly between classes with 
similar visual characteristics, such as fruit surface color and texture during the maturity transition 
phases. In addition, a small number of background regions were incorrectly detected as oil palm-fruit 
objects, contributing to false-positive predictions. Overall, the RT-DETR-L model achieved a strong 
detection performance across all four maturity classes, with a relatively low misclassification rate, as 
reflected in the precision, recall, and mAP@50 scores reported in Table 2. 

Model Performance Evaluation 

The performance of the RT-DETR model was evaluated using precision, recall, F1-score, and mean 
Average Precision (mAP) metrics to assess its effectiveness in detecting and classifying the maturity 
levels of oil palm fruits. 
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Figure 2. Precision-Recall Curve and Precision-Confidence Curve 

 

The precision-recall curve was used to evaluate the quality of the model detection based on the 
relationship between precision and recall in each class of objects. Based on Figure 2, the Average 
Precision (AP) values for the underripe, ripe class was 0.972, unripe class was 0.981, and overripe 
classes were 0.967, 0.972, 0.981, and 0.955, respectively. Overall, the model obtained an mAP@0.5 
value of 0.969 or 96.9%, indicating that the RT-DETR model has excellent detection and classification 
performance for recognizing the maturity level of oil palm fruit. 

The precision–confidence curve shows the relationship between the confidence threshold and the 
precision model value for each palm fruit maturity class. As shown in Figure 2, the precision increases 
as the confidence threshold increases. At a high confidence level, all classes had a precision close to 
1.00. The underripe and unripe classes showed the most stable precision performance compared to 
the other classes, whereas the overripe classes had slightly lower precision. Overall, the model 
achieved a maximum precision of 1.00 at a confidence threshold of approximately 0.976. 

 

 

Figure 3. Recall-Confidence Curve and F-1 Confidence Curve 

 

The recall-confidence curve was used to describe the ability of the model to detect all objects at 
various confidence threshold values. As shown in Figure 3, the model obtained the highest F1-score 
of 0.94 at a confidence threshold of 0.586. The recall value tends to be stable in the medium 
confidence range and then decreases when the confidence threshold is close to 0.9 because the model 
becomes more selective in detecting objects, and the number of objects that are successfully 
recognized decreases. These results demonstrate that the RT-DETR model has excellent object 
detection capabilities for recognizing different levels of oil palm maturity. 

Meanwhile, the F1-Confidence Curve is used to show the balance between the precision and recall 
values  at various confidence threshold levels. Based on Figure 3, the model obtained the highest F1-
score of 0.94 at a confidence threshold of 0.586. The F1-score appears to be stable in the mid-
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confidence range, indicating that the model can maintain a balance between detecting objects 
correctly and minimizing prediction errors. However, when the confidence threshold approached 
1.0, the F1-score decreased significantly as the model became more rigorous, resulting in fewer 
identified objects. Overall, the results of this curve show that the RT-DETR model has a good and 
stable detection performance in classifying the maturity level of oil palm fruit. 

 

Results of Final Training Model Evaluation 

 

Table 2. Final Evaluation Results of RT-DETR Model Training 

Class Images Instances Precision 
(P) 

Recall 
(R) 

mAP50 mAP50-
95 

All 1269 2528 0,932 0,956 0,969 0,762 

Unripe  298 706 0,949 0,97 0,981 0,758 

Underripe 304 699 0,974 0,944 0,967 0,746 

Ripe  383 522 0,932 0,967 0,972 0,812 

Overripe 349 601 0,875 0,943 0,955 0,733 

 

 

Figure 3. Diagram of the Final Evaluation Results of the RT-DETR Model 

 

The evaluation results of the Real-Time Detection Transformer (RT-DETR) model demonstrated 
outstanding performance across all oil palm fruit maturity  categories. Based on the testing outcomes, 
the model achieved an Average Precision of 0.932, recall of 0.956, and mean average precision 
(mAP@0.5) of 0.969. These results indicate that the model possesses a high level of prediction 
accuracy and strong object detection capability for the testing dataset. 

From the class-wise evaluation, the unripe category achieved the highest performance, with an mAP 
value of 0.981, followed by the ripe and underripe classes, with values of 0.972 and 0.967, 
respectively. The overripe category obtained an mAP value of 0.955, which reflects excellent 
detection capability. The variation in performance across classes suggests that the model can 
effectively recognize the characteristics of objects, although slight performance differences remain 
in certain categories. 
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Among all the categories, the overripe class achieved the lowest precision, recall, and mAP values. 
This performance difference may be attributed to the visual similarities between overripe fruits and 
neighboring maturity stages, particularly under varying illumination conditions. Variations in fruit 
surface texture, color degradation patterns, and background complexity may also contribute to the 
increased classification difficulty for this category. 

Furthermore, the model achieved an mAP@0.5:0.95 score of 0.762, indicating that its performance 
remained reliable, even under stricter evaluation criteria. The evaluation curves also showed that 
the precision, recall, and mAP values for each class were consistently high and stable. Overall, these 
findings confirm that the RT-DETR-L model demonstrated a strong detection performance across all 
four maturity categories. However, it should be noted that the performance was not uniform across 
classes. The overripe class consistently achieved the lowest precision (0.875), recall (0.943), and 
mAP@50 (0.955), suggesting that this category remains the most challenging to detect, likely because 
of its visual overlap with neighboring maturity stages. These results indicate that although the model 
performs reliably for most categories, certain classification boundaries remain difficult to resolve 
under real-world imaging conditions. 

Although the model achieved a strong mAP@50 of 0.969, the mAP@50–95 score decreased to 0.762 
when stricter localization criteria were applied. Notably, a high mAP@50 does not necessarily 
guarantee precise bounding box localization at stricter IoU thresholds. The gap between mAP@50 
and mAP@50–95 indicates that although the model reliably detects and classifies oil palm fruit 
maturity levels, localization precision becomes more challenging as the IoU threshold increases. This 
is a common characteristic of object detection models and does not diminish the practical value of 
the results, particularly for agricultural inspection applications, where approximate localization is 
often sufficient. Future research may address this through larger annotated datasets, improved 
bounding box annotation quality, and architectural optimizations targeted at localization refinement. 

DISCUSSIONS 

Qualitative evaluation of the RT-DETR-L model demonstrated its ability to consistently detect and 
classify oil palm fruits across all maturity categories, namely unripe, underripe, ripe, and overripe. 
The model successfully recognized the visual characteristics of each category based on the 
differences in fruit color, texture, and surface appearance, while maintaining relatively stable 
confidence scores across most test images. In addition, the generated bounding boxes accurately 
localized fruit objects under various image conditions. 

Nonetheless, some detection boundary deviations were still observed in images with uneven lighting 
conditions or complex backgrounds. This is especially true for categories that have color similarities, 
such as underripe and ripe fruits; therefore, the model requires a more detailed identification process 
to distinguish the visual characteristics between classes. Overall, the qualitative detection results 
show that the RT-DETR model has good object classification and localization capabilities under field-
test conditions. The results of the visualization of the RT-DETR model detection in each maturity level 
category are shown in Figure 5 and Figure 6. 
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Figure 5. Detection Results of Oil Palm Fruits in the unripe and Underripe Categories 

 

Figure 5 shows the results of detecting oil palm fruits in the unripe and underripe categories using 
the RT-DETR model. The model can identify both categories well based on differences in visual 
characteristics, particularly in terms of the color and texture of the fruit surface. In the unripe 
category, the objects were successfully detected with accurately localized bounding boxes and  a 
confidence  value of 0.94. The high confidence value is influenced by the characteristics of the dark 
purple color, which is more contrasting, making it easier for the model to extract the features of the 
object. Meanwhile, in the underripe category, the model was still able to detect stably with  a 
confidence  value of 0.89. However, the similarity of the visual characteristics between the underripe 

and ripe categories caused the model's confidence level to be slightly lower than that of the unripe 
category. Overall, the detection results show that the RT-DETR model has a good ability to classify 
and localize objects in both categories. 

 

   

Figure 6. Detection Results of Oil Palm Fruits in the Ripe and Overripe Categories 

 

Figure 6 shows the results of detecting ripe and overripe oil palm fruits using the RT-DETR model. 
The model can recognize both categories based on the color change and visual characteristics of the 
fruit surface. In the ripe category, the object was detected very well through the dominance of 
brownish-red color, which is the main characteristic of the maturity level of palm fruit, with a 
confidence value of 0.95. The resulting bounding box also appears stable and precise under various 
test image conditions. 

Meanwhile, in the overripe category, the model was still able to detect quite well, with a confidence 
value of 0.83. The model recognizes objects based on the darker color of the fruit and changes in 
surface texture compared to other categories. Despite some suboptimal lighting conditions and visual 
similarities to the ripe category, the RT-DETR can effectively differentiate between the two 
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categories. This demonstrates that the model effectively learned discriminative visual features to 
differentiate between the oil palm fruit maturity levels. 

The quantitative results obtained in this study are comparable to those reported in previous studies. 
However, these comparisons should be interpreted cautiously because the evaluated models were 

tested on different datasets and assessed using different performance metrics. A CNN-based oil palm 
fruit classification model reported by [12] achieved an average accuracy of 76.52%, a maximum 
accuracy of 82.61%, and an F1-score of 0.76. In comparison, the RT-DETR-L model achieved a 
precision of 93.2%, recall of 95.6%, and mAP@50 of 96.9%. These improvements can be attributed 
to the ability of transformer-based architectures to capture long-range contextual information while 
simultaneously performing object localization and classification tasks. Unlike image classification 
models, RT-DETR-L can identify object locations using bounding boxes, making it more suitable for 
practical deployment in automated sorting and monitoring systems. Therefore, the comparison 
presented in this study should be regarded as contextual rather than a controlled one. Direct 
conclusions regarding the superiority of RT-DETR-L over alternative approaches cannot be drawn 
without evaluation using identical datasets, experimental settings, and performance metrics. 

Among all maturity categories, the overripe class consistently produced the lowest precision, recall, 
and mean average precision (mAP) values. This performance difference is likely caused by the visual 
similarities between overripe fruits and neighboring maturity stages, particularly ripe fruits. 
Overripe fruits often exhibit gradual color degradation and texture variations that overlap with the 
characteristics of the ripe category, increasing the difficulty of classification. From a practical 
perspective, this finding is important because the inaccurate identification of overripe fruits may 
affect harvesting decisions and quality control processes in palm oil production. 

The model achieved an mAP@50 of 0.969 and an mAP@50–95 of 0.762. The decrease in performance 
under stricter Intersection over Union (IoU) thresholds indicates that object classification remained 
highly accurate, whereas precise localization became more challenging as the overlap requirements 
increased. Nevertheless, the obtained mAP@50–95 value demonstrates that the model maintained a 
reliable localization performance across a range of IoU thresholds. These findings suggest that the 
RT-DETR-L model is highly effective for oil palm fruit maturity classification, whereas further 
improvements in bounding box precision could enhance localization performance under more 
stringent evaluation criteria. Future studies may improve localization accuracy using larger datasets, 
enhanced annotation quality, and additional optimization of training strategies. 

In addition to detection accuracy, the RT-DETR-L model demonstrated practical and real-time 
performance. Deployment testing on an NVIDIA GeForce RTX 3050 4 GB GPU achieved an inference 
time of approximately 25–28 ms per image, corresponding to a processing speed of 10–14 FPS. These 
results indicate that the proposed model can perform object detection within a time frame suitable 
for near-real-time agricultural inspection and sorting applications, supporting the rationale for 
selecting RT-DETR-L as the detection architecture. 

Compared with the multispectral imaging–based approach proposed by Shiddiq et al. [16], which 
achieved a mAP@50 of 99.47%, the RT-DETR-L model produced slightly lower detection accuracy 
but offered practical advantages because it relied only on conventional RGB imagery. This 
characteristic reduces 

 hardware requirements and may facilitate broader deployment in plantation environments where 
multispectral imaging systems are not readily available. 

 

CONCLUSION 

Based on the results of this study, the Real-Time Detection Transformer Large (RT-DETR-L) model 
was successfully implemented for automated oil palm fruit maturity level detection. The model 
demonstrated a strong detection performance, achieving a precision of 93.2%, recall of 95.6%, 
mAP@50 of 96.9%, and mAP@50–95 of 76.2%. The model accurately classified oil palm fruits into 
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four maturity categories: unripe, underripe, ripe, and overripe, while providing reliable object 
localization through bounding box detection. In addition, deployment testing on an NVIDIA GeForce 
RTX 3050 4 GB GPU achieved an inference time of approximately 25–28 ms per image and a 
processing speed of 10–14 FPS, indicating its suitability for near-real-time agricultural inspection 
applications. 

Despite these promising results, several limitations of this study should be acknowledged. The model 
was trained and evaluated using a dataset collected under limited environmental conditions and may 
not fully represent the variability encountered in large-scale plantation operations. In addition, this 
study focused solely on the RT-DETR-L architecture and did not include a direct comparison with 
other state-of-the-art object detection models under identical experimental settings. Therefore, 
further validation is required to assess the generalizability of the proposed approach across various 
environments and datasets. 

Future research should focus on expanding the dataset with more diverse environmental conditions, 
lighting variations, and acquisition devices. Comparative evaluations with alternative object 
detection architectures, such as YOLO-based and other transformer-based models, are also 
recommended. Furthermore, integration with embedded hardware platforms and automated 
conveyor-based sorting systems should be investigated to support practical deployment in industrial 
oil palm processing environments while maintaining the real-time performance requirements. 
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