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Research Article Abstract 

Accurate detection of vegetables from images is an essential task in 

precision agriculture, automated food supply chains and smart retail 

systems. Even with a little labeled data, recent developments in deep 

learning, especially pretrained object detection models, have greatly 

enhanced performance on visual recognition tasks.. However, the 

relative effectiveness of modern pretrained object detection 

architectures on agricultural datasets remains underexplored. In this 

study, we present a comprehensive comparative evaluation of multiple 

state-of-the-art pretrained object detection models on a publicly 

available vegetable object detection dataset from Bangladesh. The 

evaluated models include RF-DETR (Large), YOLOv11 variants, 

Roboflow 3.0 Object Detection models and YOLOv12 variants with 

different capacity configurations (Fast, Accurate and Extra Large). 

Standard metrics like recall, precision and mAP@50 on a 

predetermined test set are used to evaluate performance. Experimental 

results demonstrate that YOLOv12 (Extra Large) significantly 

outperforms other models, achieving an mAP@50 of 79.0%, precision 

of 81.8% and recall of 80.7%. When implementing pretrained detectors 

in agricultural computer vision applications, the results emphasize the 

significance of model architecture and scale. 
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Introduction 

Agriculture plays a vital role in the global economy, particularly in developing countries such as 

Bangladesh, where vegetable production contributes significantly to food security and rural 
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livelihoods. Automated visual recognition systems can support a wide range of agricultural 

applications, including yield estimation, automated harvesting, quality inspection and intelligent 

market analytics. However, traditional computer vision approaches relied heavily on handcrafted 

features, which often failed to generalize under challenging real-world conditions such as variable 

illumination, occlusion and complex backgrounds commonly encountered in agricultural 

environments. 

Recent advances in deep learning have substantially improved visual recognition and object 

detection performance. Region-based detectors such as Faster R-CNN (Ren et al., 2015) and single-

stage detectors such as SSD (Liu et al., 2016) and the YOLO (You Only Look Once) family (Redmon 

et al., 2016; Jocher et al., 2023) have enabled accurate and efficient object detection in complex 

scenes. Furthermore, transfer learning using models pretrained on large-scale datasets such as COCO 

has significantly improved detection performance even when only limited domain-specific datasets 

are available (Lin et al., 2014). 

Deep learning–based detection approaches have been widely applied in agricultural vision 

tasks including fruit detection, crop disease identification and weed recognition. In particular, YOLO-

based architectures have gained popularity due to their balance between detection accuracy and real-

time inference capability. Several studies have demonstrated the effectiveness of YOLO models for 

fruit and vegetable detection under natural field conditions (Li et al., 2022; Khanna et al., 2024; Wang 

and Liu, 2024; Zhu et al., 2026). In addition to convolutional neural network (CNN)–based detectors, 

transformer-based architectures such as DETR have recently attracted attention due to their ability to 

capture global contextual relationships within images through attention mechanisms (Sakai et al., 

2016; Zeng, 2017; Carion et al., 2020). Hybrid approaches combining convolutional backbones with 

transformer-based decoders, such as RF-DETR, have further improved localization accuracy and 

robustness in complex scenes containing overlapping objects. 

Recent research has also explored advanced deep learning models and datasets for agricultural 

object detection tasks. For example, Tapia-Mendez et al. (2025) evaluated several state-of-the-art 

object detectors on a fruit and vegetable dataset annotated with quality categories such as unripe, ripe 

and overripe, reporting strong performance for transformer-enhanced models such as DINO. In 

another study, Khanna et al. (2024) introduced the FRUVEG67 dataset and proposed the FVDNet 

architecture for fruit and vegetable detection in unconstrained environments, achieving competitive 

performance compared to recent YOLO variants. Similarly, Li et al. (2022) proposed an improved 

YOLOv5-based approach for vegetable disease detection, achieving high detection accuracy on a 

multi-scene dataset, while Wang and Liu (2024) developed an enhanced YOLOv8-based model 

incorporating attention mechanisms to improve detection performance in greenhouse environments. 

Despite these advances, many existing studies focus on evaluating a single model architecture 

or dataset, making direct comparison between detection frameworks difficult. Systematic 

benchmarking studies that evaluate multiple modern pretrained detectors under consistent 

experimental settings remain relatively limited, particularly for vegetable detection datasets collected 

under real agricultural conditions (Camgözlü and Kutlu, 2020; Atasoy and Kutlu,  2022; Alamsyah 

et al., 2023; Camgözlü and Kutlu, 2023). Such comparative analyses are essential for understanding 

how different architectural designs perform in practical agricultural environments. 
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Therefore, this study presents a comprehensive evaluation of several contemporary pretrained 

object detection models using a Bangladeshi vegetable object detection dataset. The models are 

compared under a unified evaluation protocol using consistent performance metrics. The 

contributions of this study include a systematic comparison of modern pretrained object detectors on 

a vegetable detection dataset, quantitative evaluation using standardized metrics such as mAP@50, 

precision and recall, analysis of the influence of model scale and architecture on detection 

performance, and practical insights into the selection of object detection models for agricultural vision 

applications. 

Materials and Methods 

Dataset description 

This study used the Vegetable Object Detection Dataset from Bangladesh (Jahan et al., 2025), 

publicly available on the Mendeley Data repository. The dataset contains annotated images of eight 

vegetable classes (beetroot, bitter gourd, bottle gourd, cabbage, capsicum, carrot, cauliflower and 

corn) captured under natural conditions. Images vary in illumination, scale, viewpoint and 

background complexity, making them suitable for real-world detection evaluation. Following the 

original distribution, the dataset was split into training, validation and test subsets, and all reported 

results were obtained from the held-out test set. 

Preprocessing and annotation format 

Prior to model training, all images were resized and normalized according to the default preprocessing 

requirements of each pretrained model architecture. Bounding box annotations were converted into 

the appropriate format required by the training and evaluation pipelines. No class rebalancing or 

oversampling procedures were applied in order to preserve the natural distribution of object classes 

within the dataset. 

Pretrained object detection models 

Several modern pretrained object detection models were evaluated, including RF-DETR (Large), 

YOLOv11 Extra Large, Roboflow 3.0 models (Accurate, Large, Extra Large) and YOLOv12 variants 

(Fast, Accurate, Extra Large). RF-DETR represents a transformer-based detector, while YOLOv11 

and YOLOv12 are next-generation YOLO architectures designed for improved detection accuracy 

and efficiency. Roboflow models were included as baseline detectors with different capacity levels. 

All models were initialized with pretrained weights and fine-tuned on the vegetable dataset under 

identical experimental conditions. 

Evaluation metrics 

Model performance was evaluated using mean Average Precision at an Intersection over Union 

threshold of 0.5 (mAP@50), precision and recall. The mAP@50 metric measures detection accuracy 

across classes based on bounding box overlap, while precision and recall indicate the proportions of 

correct predictions relative to predicted and ground-truth objects. Together, these metrics provide a 

comprehensive assessment of detection accuracy, including localization performance, false positives 

and missed detections. 
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Experimental setup 

During training, all images were resized to 512 × 512 pixels. Models were trained for 150 epochs 

with a batch size of 16 using the Adam optimizer with an initial learning rate of 0.001, and early 

stopping based on validation performance was applied to prevent overfitting. Transfer learning was 

used by initializing all models with pretrained weights from the COCO dataset. Data augmentation 

included horizontal flipping and saturation adjustment (−50% to +50%). All experiments were 

performed on the Roboflow 3.0 training platform using GPU-based cloud infrastructure to ensure 

consistent computational conditions across models. 

Results and Discussion 

RF-DETR (Large) 

RF-DETR (Large) is a transformer-based object detection model that integrates convolutional feature 

extraction with global attention mechanisms, enabling robust object localization under complex 

backgrounds. Figure 1 shows that the training curves demonstrate a stable convergence with Box 

Location Loss, Class Loss, and Box Overlap Loss. 

 

Figure 1. Training Graphs of RF-DETR (Large). 

The model achieved an mAP@50 of 67.6%, with balanced precision (67.8%) and recall 

(67.3%). The Average Precision by class (Figure 2) shows strong detection performance for larger 

vegetables such as Pumpkin and bottle gourd, while comparatively lower AP scores were observed 

for smaller or visually similar classes such as capsicum and carrot. Overall, RF-DETR provides a 

strong baseline but is outperformed by newer YOLO architectures. 
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Figure 2. Class-wise average precision of the RF-DETR (Large) model on the (A) validation set and 

(B) test set. 

YOLOv11 (Extra Large) 

A second YOLOv11 (Extra Large) configuration was trained under identical conditions to evaluate 

training stability. As shown in Figure 3, training curves exhibit minor fluctuations in validation mAP, 

indicating sensitivity to initialization and optimization dynamics. 

 

Figure 3. Training Graphs of YOLOv11 (Extra Large). 

This variant achieved an mAP@50 of 59.8%, with a higher precision of 69.3% but slightly 

reduced recall (65.7%). The Average Precision by class (Figure 4) demonstrates marginal 
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improvement for certain classes, yet overall performance remains below transformer-based and 

YOLOv12 models. 

 

Figure 4. Class-wise average precision of the YOLOv11 (Extra Large) model on the (A) validation 

set and (B) test set. 

Roboflow 3.0 Object Detection (Accurate) 

The Roboflow 3.0 Accurate model is designed to prioritize detection reliability over speed. As 

depicted in Figure 5, the training curves show steady learning behavior with minimal overfitting. 

 

Figure 5. Training Graphs of Roboflow 3.0 Object Detection (Accurate). 
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The model obtained an mAP@50 of 58.8%, with both precision and recall at 65.9%. The 

class-wise AP plot (Figure 6) reveals uniform but moderate performance across most vegetable 

categories, indicating robustness but limited discriminative capacity for fine-grained class separation. 

 

Figure 6. Class-wise average precision of the Roboflow 3.0 Object Detection (Accurate) model on 

the (A) validation set and (B) test set. 

Roboflow 3.0 Object Detection (Extra Large) 

The Extra Large Roboflow model further scales network depth and width. Figure 7, shows stable 

convergence with marginally improved mAP trends. 

 

Figure 7. Training Graphs of Roboflow 3.0 Object Detection (Extra Large). 
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The model reached an mAP@50 of 59.4%, with precision of 67.5% and recall of 67.3%. The 

class-wise AP distribution (Figure 8) suggests diminishing returns from scaling within the Roboflow 

architecture compared to YOLOv12. 

 

Figure 8. Class-wise average precision of the Roboflow 3.0 Object Detection (Extra Large) model on 

the (A) validation set and (B) test set. 

YOLOv12 (Fast) 

YOLOv12 Fast is optimized for real-time inference while maintaining competitive accuracy. As 

illustrated in Figure 9, training converges rapidly with smooth mAP and loss curves. 

 

Figure 9. Training Graphs of YOLOv12 (Fast). 
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This model achieved an mAP@50 of 74.0% with precision of 77.4% and recall of 75.9%, 

significantly outperforming all earlier models. The Average Precision by class (Figure 10) 

demonstrates strong detection consistency across nearly all vegetable categories, validating the 

effectiveness of the YOLOv12 design even in lightweight configurations. 

 

Figure 10. Class-wise average precision of the YOLOv12 (Fast) model on the (A) validation set and 

(B) test set. 

YOLOv12 (Accurate) 

The YOLOv12 Accurate variant balances speed and accuracy through enhanced feature fusion and 

optimization strategies. Figure 11 shows stable training with higher final mAP values than the Fast 

variant. 

 

Figure 11. Training Graphs of YOLOv12 (Accurate). 
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This model reached an mAP@50 of 78.0%, with precision of 80.9% and recall of 79.8%. 

Class-wise AP values exceed 75% for most categories, indicating strong generalization (Figure 12). 

 

Figure 12. Class-wise average precision of the YOLOv12 (Accurate) model on the (A) validation set 

and (B) test set. 

YOLOv12 (Extra Large) 

YOLOv12 Extra Large represents the highest-capacity model evaluated in this study. Training curves 

in Figure 13 demonstrate excellent convergence and minimal variance between training and 

validation metrics. 

 

Figure 13. Training Graphs of YOLOv12 (Extra Large). 
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The model achieved the best overall performance, with an mAP@50 of 79.0%, precision of 

81.8% and recall of 80.7%. The Average Precision by class (Figure 14) confirms superior detection 

across all vegetable types, including small and visu- ally similar classes. These results establish 

YOLOv12 Extra Large as the most effective pretrained detector for the given dataset 

 

Figure 14. Class-wise average precision of the YOLOv12 (Extra Large) model on the (A) validation 

set and (B) test set. 

This study comparatively evaluated the performance of several pretrained object detection 

models using a real-world vegetable dataset collected under natural conditions. As shown by the 

performance results presented in Table 1, model architecture and model capacity play a critical role 

in vegetable object detection performance. In particular, transformer-enhanced models and next-

generation YOLO architectures demonstrate superior detection capability compared with earlier 

models, especially when dealing with complex backgrounds and small object instances. 

Table 1. Performance of all models used in the study. 

Sl No Models mAP@50 Precision Recall 

01 RF-DETR (Large) 67.6 67.8 67.3 

02 YOLOv11 (Extra Large) 59.8 69.3 65.7 

03 Roboflow 3.0 Object Detection (Accurate) 58.8 65.9 65.9 

04 Roboflow 3.0 Object Detection (Extra Large) 59.4 67.5 67.3 

05 YOLOv12 (Fast) 74.0 77.4 75.9 

06 YOLOv12 (Accurate) 78.0 80.9 79.8 

07 YOLOv12 (Extra Large) 79.0 81.8 80.7 
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Figure 15, which presents the performance comparison of YOLOv12 variants (Fast, Accurate 

and Extra Large), clearly illustrates the substantial performance improvements achieved through 

recent architectural advancements. To provide a deeper understanding of model behavior, the 

following subsection examines each trained model individually by analyzing both training dynamics 

and class-wise detection performance. 

 

Figure 15. Comparison performance of YOLOv12 variants (Fast, Accurate and Extra Large). 

YOLOv12’s superior performance may be associated with improvements in feature 

aggregation mechanisms, architectural refinements and training optimization strategies that enhance 

representation capacity and detection accuracy in complex visual scenes. Recent developments in 

object detection architectures have shown that such design improvements can substantially improve 

model performance across different domains (Redmon et al., 2016; Jocher et al., 2023). However, 

although larger models generally provide higher detection accuracy, they also require increased 

computational resources, which must be considered when deploying models in real-time or resource-

constrained environments (Lohumi et al., 2021; Khanam and Hussain, 2024; Kurniawan et al., 2024). 

The relatively lower performance of YOLOv11, Roboflow 3.0 models and RF-DETR 

observed in this study suggests that recent architectural refinements may contribute more 

substantially to detection performance than model scaling alone under the evaluated dataset 

conditions. This observation is consistent with previous studies reporting that modern detection 

architectures can improve performance in challenging agricultural imaging scenarios characterized 

by variable lighting, occlusion and complex backgrounds (Carion et al., 2020; Li et al., 2022; Wang 

and Liu, 2024). 
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This study presented a comprehensive comparison of multiple pretrained object detection 

models using a real-world vegetable dataset from Bangladesh. Among all evaluated models, 

YOLOv12 Extra Large achieved the best overall performance, outperforming earlier YOLO variants, 

Roboflow models and RF-DETR. These results indicate that modern pretrained detectors can 

effectively generalize to agricultural domains when appropriate model architectures and model 

capacities are selected. Similar findings have been reported in previous studies demonstrating the 

effectiveness of transfer learning and modern object detection frameworks for agricultural vision 

applications (Li et al., 2022; Wang and Liu, 2024; Tapia-Mendez et al., 2025). Overall, this work 

provides practical insights for researchers and practitioners seeking to deploy object detection 

systems in agricultural environments. 

Conclusions 

This study presented a comparative evaluation of several modern pretrained object detection models 

using a real-world vegetable dataset from Bangladesh. Under identical training conditions, clear 

performance differences were observed among the evaluated architectures, with YOLOv12 Extra 

Large achieving the best overall detection accuracy across most vegetable classes, outperforming 

earlier YOLO variants, Roboflow models and RF-DETR. These results indicate that recent 

architectural improvements in object detection models can significantly enhance performance in 

complex agricultural imaging environments. Overall, the findings demonstrate that modern pretrained 

detectors can effectively generalize to agricultural datasets when appropriate model capacity and 

architecture are selected, providing useful guidance for the development of deep learning–based 

agricultural monitoring systems. Future work may explore larger and more diverse agricultural 

datasets, additional transformer-based detection architectures and real-time deployment scenarios in 

precision agriculture, as well as lightweight models optimized for edge devices used in smart farming 

environments. 
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