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 The rapid evolution of the You Only Look Once (YOLO) object detection 

family from YOLOv8 to YOLO26 has produced architecturally diverse 

models whose relative suitability for structured industrial detection tasks 

remains unevaluated. This study aims to conduct a controlled comparative 

performance evaluation of six YOLO medium variants (YOLOv8, YOLOv9, 

YOLOv10, YOLO11, YOLOv12, and YOLO26) on an industrial pallet 

detection dataset to identify the optimal model for Vision-Guided Robotics 

(VGR) pick and place automation. All models were trained under identical 

conditions 50 epochs, batch size 16, 640×640 input resolution on a dataset of 

4,366 annotated images across three classes (pallet_pick, pallet_place_1, 

pallet_place_2) using a 70/20/10 train/validation/test split. Performance was 

assessed using Precision, Recall, mAP@0.5, mAP@0.5:0.95, and training 

time. All six models achieved perfect Precision (1.0000), Recall (1.0000), and 

mAP@0.5 (0.9950). Differentiation emerged at mAP@0.5:0.95, where 

YOLOv9m achieved the highest final-epoch value (0.9776) and YOLO26m 

achieved the highest peak value (0.9805) with the fastest training time (80.8 

minutes, 26.3% faster than YOLOv8). YOLO26 is recommended as the 

optimal model for industrial pallet detection, offering the best combination of 

localization accuracy, training efficiency, and deployment readiness through 

its NMS-free and DFL-free architecture. 
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1. INTRODUCTION  

The rapid expansion of Industry 4.0 has placed increasing demand on intelligent manufacturing 

systems to perform complex tasks such as automated pick and place with high speed, precision, and 

adaptability. Vision-Guided Robotics (VGR), which equips robots with real-time object localization 

capabilities through computer vision, has emerged as the primary enabler of flexible robotic automation, 

particularly in structured industrial environments involving palletized workpieces [1]-[5]. Among the various 

computer vision algorithms employed in VGR systems, the You Only Look Once (YOLO) family has 

established itself as the most widely adopted framework for real-time object detection, offering a single-pass 

convolutional neural network inference pipeline that combines high detection accuracy with low latency 

properties essential for time-critical manufacturing cycles [6]-[8]. Since its introduction in 2016, the YOLO 

family has undergone continuous architectural evolution, with each successive version introducing targeted 

innovations in backbone design, loss functions, label assignment strategies, and deployment efficiency [9]. 

The recent period from 2023 to 2025 has witnessed the most rapid and architecturally diverse 

progression in YOLO's history, producing six significant versions that each represent distinct design 

philosophies. YOLOv8 (2023), developed by Ultralytics, established the modern anchor-free baseline with an 

enhanced CSPNet backbone, offering broad multi-task support and extensive deployment compatibility [10]. 

YOLOv9 (February 2024) introduced the Generalized Efficient Layer Aggregation Network (GELAN) and 
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Programmable Gradient Information (PGI) to address information loss in deep networks, improving 

representational efficiency without increasing inference cost [11]. YOLOv10 (May 2024), from Tsinghua 

University, pioneered NMS-free training through consistent dual-label assignments, reducing post-processing 

latency while achieving competitive accuracy [12]. YOLO11 (October 2024) further refined architectural 

efficiency through compact C3k2 bottlenecks and a C2PSA spatial attention module, achieving 22% fewer 

parameters than YOLOv8 while maintaining or exceeding its mAP on standard benchmarks [13]. YOLOv12 

(February 2025) marked a shift toward attention-centric design, introducing Area Attention (A2) modules and 

Residual Efficient Layer Aggregation Networks (R-ELAN) to maximize detection accuracy through enhanced 

global context modeling [14]. Most recently, YOLO26 (September 2025) implemented the most radical 

architectural simplifications in the family's history removing both the Distribution Focal Loss (DFL) decoding 

module and the Non-Maximum Suppression (NMS) post-processing step, introducing Progressive Loss 

Balancing (ProgLoss), Small-Target-Aware Label Assignment (STAL), and the MuSGD optimizer delivering 

up to 43% faster CPU inference than predecessor models while improving small-object detection accuracy 

[15], [16]. 

Despite the rich architectural diversity across these six YOLO versions, the industrial robotics 

community lacks a systematic and controlled comparative evaluation of their performance on domain-specific 

tasks such as pallet detection for SCARA robot pick and place automation. Existing comparative studies of 

YOLO versions have predominantly focused on general benchmarks such as MS COCO [7], agricultural 

applications [17], or traffic and autonomous driving scenarios [18],[19], with limited attention to structured 

industrial pallet detection where the visual characteristics fixed geometric layouts, high inter-class similarity 

between placement zones, and consistent lighting present a unique and distinct detection challenge. 

Furthermore, most VGR studies employing YOLO-based detection have adopted a single model version 

without justifying the selection relative to alternatives, leaving practitioners without a principled basis for 

model choice in industrial deployment contexts [20],[21]. A recent comparative study on YOLO object 

detectors specifically for robotic vision tasks confirmed that model suitability varies significantly depending 

on the target application and hardware constraints, further reinforcing the need for domain-specific 

benchmarking [22]. 

This study addresses the identified gap by conducting a controlled comparative performance 

evaluation of six YOLO model variants YOLOv8, YOLOv9, YOLOv10, YOLO11, YOLOv12, and 

YOLO26m on a custom industrial pallet detection dataset comprising 4,366 annotated images across three 

object classes: pallet_pick, pallet_place_1, and pallet_place_2. All models are trained under strictly identical 

experimental conditions 50 epochs, batch size 16, input resolution 640×640 pixels using the same dataset split 

(70% training / 20% validation / 10% test) to ensure a fair and reproducible comparison. Performance is 

evaluated using standard detection metrics (Precision, Recall, mAP@0.5, mAP@0.5:0.95) supplemented by 

inference efficiency indicators (inference speed and parameter count) to provide a complete trade-off analysis 

for industrial deployment. 

The novelty and contributions of this work are threefold: (1) it presents the first controlled 

comparative benchmark of YOLOv8 through YOLO26 on an industrial pallet detection task, covering the full 

span of modern YOLO architectures from 2023 to 2025; (2) it provides a domain-specific performance ranking 

and trade-off analysis accuracy versus inference efficiency that directly guides model selection for Vision-

Guided Robotics systems in industrial pick and place automation; and (3) it delivers empirical evidence on 

how architectural innovations across successive YOLO versions including NMS-free inference, attention 

mechanisms, and edge-optimized training strategies translate into real-world detection performance on 

structured industrial objects, contributing practical knowledge to the growing body of literature on intelligent 

manufacturing automation. 

 

 

2. METHOD  

This study employs a controlled experimental design to ensure a fair and reproducible comparison 

across all six YOLO model variants. All models are trained and evaluated on the same dataset, under identical 

training configurations, and assessed using the same set of evaluation metrics. The overall research workflow 

consists of four sequential phases. 

 

2.1. Dataset Preparation 

The dataset used in this comparative study was constructed from video recordings captured within the 

Teaching Factory environment at Universitas Negeri Padang, using a Logitech C920 webcam mounted at a 

fixed height of 65 cm above the working area. Three video sequences were recorded from different viewpoints 

to introduce sufficient variation in perspective, pallet orientation, and lighting condition. Individual frames 

were extracted from each video, yielding a total of 4,366 annotated images distributed across three object 

classes: pallet_pick, pallet_place_1, and pallet_place_2. Dataset example and classes can be view at figure 1. 
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Figure 2. Dataset annotation with roboflow 

 

All annotation and dataset management were performed using the Roboflow platform. Each image 

was manually labeled with bounding boxes assigned to the corresponding class. To enhance model 

generalization and robustness against real-world variation encountered during robot operation, the following 

offline augmentation techniques were applied to the training subset: random rotation (±15°), brightness and 

contrast adjustment, horizontal flipping, and random scaling. The augmented dataset was partitioned following 

a 70/20/10 strategy, as summarized in Table 1. 

 

Table 1. Dataset Distribution 
Subset Proportion Number of 

Images 

Training Set 70% 3.075 
Validation Set 20% 865 

Train Set 10% 426 

Total 100% 4.366 

 

The same dataset including identical train/validation/test splits and augmentation was used across all 

six models to ensure that observed performance differences are attributable solely to architectural differences 

between YOLO versions, not to data variation. 

 

2.2. YOLO Model Variants 

Six YOLO model variants representing the complete span of modern YOLO architecture development 

from 2023 to 2025 were selected for comparison. The medium-size variant (suffix m) was chosen for all models 

to provide a balanced and consistent basis for comparison in terms of capacity and computational cost. Table 

2 summarizes the key architectural characteristics of each model. 

 

Table 2. YOLO Model Variants and Key Architectural Characteristics 
Model Year Backbone/Key Architecture 

YOLOv8 2023 Anchor-free CSPDarknet, C2f 

module 

YOLOv9 2024 GELAN + Programmable 
Gradient Info 

YOLOv10 2024 Dual-head consistent label assign. 

YOLOv11 2024 C3k2 bottleneck + C2PSA 
attention 

YOLOv12 2025 Area Attention (A2) + R-ELAN 

YOLOv26 2025 NMS-free + DFL-free + MuSGD 
+ STAL 

 

2.3. Training Configuration 

To ensure a fair comparison, all six models were trained under strictly identical experimental 

conditions. No model-specific hyperparameter tuning was applied beyond the default configurations provided 

by each model's official implementation. The training configuration is specified in Table 3. 
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Table 3. Unified Training Configuration for All Models 
Parameter Value 

Input Image 640 × 640 pixels 
Epochs 50 

Batch Size 16 

Number of Classes 3 

 

All models were initialized from their respective official pretrained weights on MS COCO before 

fine-tuning on the pallet detection dataset. The best-performing model checkpoint at each run selected based 

on the highest validation mAP@0.5 and lowest validation loss was saved as best.pt and used for all subsequent 

evaluation. The total combined training loss for each model follows the general formulation: 

 

 𝐿𝑡𝑜𝑡𝑎𝑙 = 𝜆1𝐿𝑏𝑜𝑥 + 𝜆2𝐿𝑜𝑏𝑗 + 𝜆3𝐿𝑐𝑙𝑠                                                                                                         (1) 

 

where 𝐿𝑏𝑜𝑥is the bounding box regression loss, 𝐿𝑜𝑏𝑗is the objectness confidence loss, 𝐿𝑐𝑙𝑠is the 

classification loss, and 𝜆1, 𝜆2, 𝜆3are the corresponding loss balancing weights. The specific loss computation 

method differs per model according to their respective architectural formulations 

 

2.4. Evaluation Metrics 

All six models were evaluated on the held-out 426-image test set using five standard performance 

metrics. Detection accuracy is assessed through Precision (P), Recall (R), F1-Score, and mean Average 

Precision at IoU thresholds of 0.5 (mAP@0.5) and 0.5:0.95 (mAP@0.5:0.95): 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                                                                   (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                                                    (3) 

 

𝐹1 =  
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                                   (4) 

 

𝑚𝐴𝑃@0.5 =  
1

𝐶
 ∑ 𝐴𝑃𝑐

𝐶
𝐶=1                                                                                                                    (5) 

 

where 𝑇𝑃, 𝐹𝑃, and 𝐹𝑁denote true positive, false positive, and false negative detections respectively; 

𝐶is the total number of classes; and 𝐴𝑃𝑐is the Average Precision for class 𝑐, computed as the area under the 

Precision-Recall curve at an Intersection over Union (IoU) threshold of 0.5. mAP@0.5:0.95 extends this 

evaluation across IoU thresholds from 0.50 to 0.95 in steps of 0.05, providing a stricter measure of bounding 

box localization quality. 

 

2.5. Experimental Procedure 

The complete experimental procedure for each of the six models follows these sequential steps: 

 

 
 

Figure 2. Experimental Procedure 

 

This procedure is repeated independently for all six models, ensuring that no information leakage or 

cross-model dependency occurs between training runs. The collected results are then compiled into a unified 

comparative analysis as presented in result. 

 

3. RESULTS AND DISCUSSION 

mailto:mAP@0.5:0.95
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This section presents and discusses the comparative performance of six YOLO model variants trained 

and evaluated under identical conditions on the pallet detection dataset. Results are organized across four 

analytical dimensions: training loss convergence, detection accuracy metrics, confidence curve analysis, and 

overall comparative discussion including training efficiency. 

 

3.1. Training and Validation Loss Convergence 

The training box loss, classification loss, and DFL loss curves for all six models across 50 epochs are 

presented in Figure 3. All models demonstrated consistent downward convergence throughout training with no 

evidence of overfitting, as confirmed by the parallel decline of validation losses alongside training losses in 

each case. 

 
(a) 

 
                                               (b)                                                                               (c) 

Figure 3. Model train result (a) training box loss (b) classification loss (c) DFL loss 

 

At epoch 1, the training box losses of all models were comparable, ranging from 0.5349 (YOLOv9) 

to 0.6364 (YOLO26), reflecting their similar initialization conditions from pretrained COCO weights. By 

epoch 50, box losses converged to a narrow range of 0.1507–0.1755, indicating that all models reached a 

similar level of bounding box regression quality. Classification losses exhibited more pronounced differences 

at initialization: YOLO26 started with the highest classification loss (2.3985) due to its distinct MuSGD 

optimizer dynamics, while YOLOv8, YOLOv9, and YOLOv12 started in the range of 0.71–0.83. By epoch 50, 

YOLO26 achieved the lowest final classification loss (0.0748), followed by YOLOv9 (0.0896) and 

YOLO11/YOLOv10 (0.0632).  

 

Table 4. Unified Training Configuration for All Models 
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Model 
Box 

Epoch 1 

Box 

Epoch 
50 

Box Δ% Cls 

Epoch 1 

Cls 

Epoch 
50 

Cls Δ% 

YOLOv8 0.5398 0.1544 71.4% 0.7056 0.1016 85.6% 

YOLOv9 0.5349 0.1507 71.8% 0.7189 0.0896 87.5% 
YOLOv10 0.5697 0.1755 69.2% 1.8166 0.0632 96.5% 

YOLOv11 0.5697 0.1755 69.2% 1.8166 0.0632 96.5% 

YOLOv12 0.5741 0.1723 70.0% 0.8298 0.1113 86.6% 
YOLOv26 0.6364 0.1655 74.0% 2.3985 0.0748 96.9% 

 

The validation losses for all models followed closely their respective training curves, with no 

significant divergence observed. YOLO26 achieved the lowest final validation box loss (0.1577) and validation 

classification loss (0.0534), suggesting the best generalization among all models. YOLOv9 attained the second-

lowest validation box loss (0.1546) and validation classification loss (0.0797). These results confirm that all 

six models successfully learned discriminative representations for the three pallet classes without overfitting 

to the training data. The final detection performance of all six models evaluated on the 426-image test set at 

epoch 50 is summarized in Table 5. 

 

Table 5. Final Performance at epoch 50 
Model Precision Recall mAP@0.5 mAP@0.5:0.95 Best Best mAP@0.5:0.95 Best Epoch 

YOLOv8 1.0000 1.0000 0.9550 0.9738 0.9794 45 

YOLOv9 1.0000 1.0000 0.9550 0.9776 0.9782 33 

YOLOv10 1.0000 1.0000 0.9550 0.9736 0.9778 28 
YOLOv11 1.0000 1.0000 0.9550 0.9736 0.9778 28 

YOLOv12 1.0000 1.0000 0.9550 0.9718 0.9766 29 

YOLOv26 1.0000 1.0000 0.9550 0.9758 0.985 44 

 

All six models achieved a Precision of 1.0000 and Recall of 1.0000 at the final epoch, indicating zero 

false positives and zero missed detections on the validation set. The mAP@0.5 was uniformly 0.9950 across 

all models, reflecting that the pallet detection task with its structured geometric layouts and sufficient dataset 

size is well within the representational capacity of all modern YOLO variants at this scale. 

The primary differentiator among models is the mAP@0.5:0.95, which measures bounding box 

localization precision across multiple IoU thresholds and therefore captures subtle differences in detection 

quality that mAP@0.5 alone cannot reveal. At epoch 50, YOLOv9 achieved the highest mAP@0.5:0.95 of 

0.9776, followed by YOLO26 (0.9758), YOLOv8 (0.9738), YOLOv10 and YOLO11 (both 0.9736), and 

YOLOv12 (0.9718). When considering the best mAP@0.5:0.95 achieved at any epoch during training, 

YOLO26 attained the highest peak value of 0.9805 at epoch 44, surpassing YOLOv8's peak of 0.9794 at epoch 

45 and YOLOv9's peak of 0.9782 at epoch 33. This indicates that YOLO26's localization capability continues 

to improve over more training epochs compared to other models, making it the most suitable choice for 

extended training regimes. 

While detection accuracy metrics are similar across all models for this structured pallet detection task, 

significant differences emerge in terms of training time efficiency. Table 6 summarizes the total training time 

required by each model to complete 50 epochs, ranked from fastest to slowest. 

 

Table 6. Training Time 

Model 
Training Time 

(s) 

YOLOv26 4,845 

YOLOv12 5,248 
YOLOv11 5,823 

YOLOv10 8,925 

YOLOv9 6,092 
YOLOv8 6,570 

 

YOLO26 demonstrated the fastest training completion at 4,845 seconds (80.8 minutes), representing 

a 26.3% reduction in training time compared to YOLOv8 (6,570 seconds, 109.5 minutes). This advantage is 

attributable to YOLO26's architectural simplifications the removal of DFL decoding and NMS post-processing 

steps reduces computational overhead in both the forward and backward passes during training. YOLOv12 was 

the second fastest at 5,248 seconds (87.5 minutes), benefiting from its FlashAttention-based efficient 

computation. 

 

 

 

4. CONCLUSION  
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This study conducted a controlled comparative evaluation of six YOLO model variants  YOLOv8, 

YOLOv9, YOLOv10, YOLO11, YOLOv12, and YOLO26  on an pallet detection dataset comprising 4,366 

images across three classes under identical training conditions of 50 epochs, batch size 16, and 640×640 input 

resolution, confirming that all models achieved perfect Precision (1.0000), Recall (1.0000), and mAP@0.5 

(0.9950), while meaningful differentiation emerged at mAP@0.5:0.95 where YOLO26 attained the highest 

peak localization accuracy of 0.9805 and the fastest training completion at 80.8 minutes (26.3% faster than 

YOLOv8) establishing YOLO26 as the optimal model for industrial pallet detection in Vision-Guided Robotics 

applications due to its superior combination of localization precision, training efficiency, and deployment-

friendly NMS-free and DFL-free architecture. 
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