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Abstract 

Unmanned Aerial Vehicles (UAV) images can 

streamline reinforced-concrete inspections, yet 

reliable automatic rebar counting is still challenging 

because rebars often occupy only a few pixels, appear 

in dense groups, and are frequently obscured or 

visually blended with background textures, shadows, 

and occlusions. To address this small-object setting, 

we develop an improved You Only Look Once 

(YOLO)v10-based detector that incorporates Omni-

Dimensional Dynamic Convolution (ODConv) into 

the backbone, an Efficient Multi-scale Attention–

guided Bidirectional Feature Pyramid Network 

(EMA-BiFPN) to strengthen multi-scale feature 

aggregation, a four-scale prediction design that adds 

an extra high-resolution detection head, and a 

Minimum Points Distance IoU (MPDIoU) regression 

loss to stabilize bounding-box learning under 

stringent IoU criteria. Experiments on a dataset 

collected from seven construction sites (1,328 images) 

show that the proposed approach achieves AP50 = 

94.72 and AP50:95 = 71.86 at 35.93 FPS, 

outperforming the YOLOv10 baseline and delivering 

clearer gains for extremely small rebar instances. 

These results demonstrate the potential of the 

proposed framework as a practical offline analysis 

tool for UAV-based construction inspection, while 

also providing a foundation for future real-time 

deployment in field workflows. 
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Introduction 

Reinforced Concrete (RC) columns—structural 

members in which steel reinforcing bars (rebars) are 

embedded within concrete—are widely used as primary 

load-bearing elements in modern buildings. They carry 

gravity loads from slabs, floors, and roofs and transfer 

these actions through the structural system to the 

foundation [1,2]. While concrete provides high 

compressive and shear strength, its tensile resistance is 

limited; rebars are therefore required to carry tensile 

stresses and enhance the overall structural capacity and 

ductility. 

Because the amount and arrangement of rebars 

directly affect safety and flexural performance, 

reinforcement detailing in RC columns must be carefully 

verified. Under-reinforcement can compromise load 

capacity and serviceability, whereas over-reinforcement 

increases material and labor costs and can create 

constructability issues. For this reason, design codes 

prescribe minimum and maximum reinforcement ratios, 

along with material and detailing requirements for both 

RC members and reinforcing steel [3]. Rebar verification 

is increasingly supported by Unmanned Aerial Vehicles 

(UAVs) equipped with Red–Green–Blue (RGB) cameras, 

which can acquire high-resolution images from 

viewpoints that are difficult or unsafe for inspectors to 

reach [4]. However, the interpretation of these images is 

still often performed manually, limiting throughput for 

frequent inspections and large-scale monitoring. 

Deep learning–based object detection offers a 

practical way to automate rebar localization and counting 

from UAV imagery. In general, detectors identify objects 

by predicting class labels and regressing bounding boxes 
for instances of interest [5]. After training, such models 

can localize individual rebars and enable automated 
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counting with improved efficiency and repeatability. 

Although strong rebar-counting performance has been 

reported in more controlled settings (e.g., production 

lines, warehouses, and storage yards) [6–12], UAV 

images of RC columns introduce additional difficulties 

[2,4,13]. Rebars frequently appear as extremely small 

targets, occur in dense and repetitive patterns, and are 

captured under oblique viewpoints with shadows, 

occlusions, and cluttered backgrounds. In these 

conditions, a single bar may occupy only a few pixels, 

and closely spaced bars can be confused or merged, 

leading to missed detections and unstable counting—

particularly when models fail to preserve high-resolution 

features or lack mechanisms suited to tiny, overlapping 

objects. 

To address these challenges, this study improves 

small-object rebar detection in UAV imagery using a 

You Only Look Once (YOLO)v10-based framework. 

The main contributions are: 

1) Omni-Dimensional Dynamic Convolution 

(ODConv) is integrated into the YOLOv10 backbone to 

strengthen local feature extraction for tiny rebars in 

complex scenes. 

2) An Efficient Multi-scale Attention–guided 

Bidirectional Feature Pyramid Network (EMA-BiFPN) 

is introduced to aggregate information across scales 

while retaining fine-grained spatial cues. 

3) Minimum Points Distance Intersection over Union 

(MPDIoU) is adopted as the bounding-box regression 

loss to improve fitting robustness for small and heavily 

overlapped rebars. 

4) A four-head multi-scale detection design is 

investigated to increase sensitivity to extremely small 

rebars and improve generalization across object sizes. 

In practical construction settings, the proposed 

framework can support site inspection workflows by 

enabling automatic identification of rebars from UAV 

imagery for progress monitoring, quality assessment, and 

site documentation. In the current study, the framework 

is evaluated in an offline analysis setting, where UAV 

images are first collected and then processed by the 

trained detection model. This setup establishes the 

technical feasibility of the method, while future 

extensions may consider real-time deployment through 

onboard inference or live transmission to an external 

server. 

 

2. Proposed methodology 

2.1 Overview of YOLOv10 model 

YOLOv10 is a recently proposed single-stage 

detector that supports end-to-end inference without Non-

Maximum Suppression (NMS) [14]. Its architecture is 

organized into three main parts: backbone, neck, and 

head. The backbone builds multi-level feature 

representations from the input image using building 

blocks such as CBS, SCDown, C2f, C2fCIB, and PSA-

based self-attention. Next, the Neck performs multi-scale 

feature aggregation via an FPN–PAN fusion pipeline, 

merging high-resolution cues from early layers with 

deeper semantic information to preserve fine details. 

Finally, the head uses a lightweight decoupled prediction 

design together with a consistent dual-assignment 

scheme. 

2.2. Architectural enhancements of YOLOv10 

An improved YOLOv10 variant is developed (Figure 

1), with its primary architectural changes from the 

original model summarized in Figure 2. 

The proposed design includes four major upgrades. 

First, the standard C2f module is augmented with 

ODConv to improve adaptive feature extraction, which is 

particularly beneficial for tiny targets. Second, EMA-

BiFPN replaces/extends the original fusion scheme; by 

applying multi-scale attention during feature aggregation, 

it better preserves small-object cues while limiting 

unnecessary computation. Third, MPDIoU is used for 

bounding-box regression to strengthen localization when 

overlap is limited and object shapes are ambiguous, 

improving both precision and recall. Finally, an extra 
prediction head is added to better handle very small 

rebars, yielding four detection heads dedicated to 

extremely small, small, medium, and large objects. 

Together, these modifications expand the effective scale 

coverage and improve robustness across diverse rebar 

sizes.  

2.2.1. Enhanced backbone for local features 

In UAV imagery of construction sites, rebars are 

typically thin, small, and densely clustered, and their 

visual appearance can resemble surrounding textures, 

Figure 1. Architecture of modified YOLOv10 
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which makes precise localization difficult. Although the 

original C2f module in YOLOv10 is effective, its 

representational flexibility can be limited when 

convolutional adaptation occurs along only a subset of 

possible dimensions. This limitation can reduce feature 

separability when object scale and background 

complexity vary widely. 

To address this issue, ODConv [15] is incorporated 

into the C2f module. ODConv introduces dynamic 

modulation across four dimensions—spatial positions, 

input channels, output channels, and kernel indices—

which enables fine-grained, content-adaptive filtering. 

Compared with earlier dynamic convolution variants 

such as CondConv and DyConv, which typically 

modulate fewer components of the convolution process 

[16], ODConv provides richer adaptation while 

remaining computationally feasible. 

The ODConv operation can be written as: 

𝑦 =  (𝑎𝑤1𝑊1 + ⋯ + 𝑎𝑤𝑛𝑊𝑛) ∗ 𝑥 (1) 

where 𝑥 and 𝑦 are the input and output feature maps, 

𝑊𝑛 is the 𝑛  -th kernel, and 𝑎𝑤𝑛 is its corresponding 

weighting coefficient. With omni-dimensional attention, 

each kernel is further modulated by multiple attention 

terms: 

𝑦 =  (
𝑎𝑤1⨀ 𝑎𝑓1⨀ 𝑎𝑐1⨀ 𝑎𝑠1⨀𝑊1 + ⋯

+𝑎𝑤𝑛⨀ 𝑎𝑓𝑛⨀ 𝑎𝑐𝑛⨀ 𝑎𝑠𝑛⨀𝑊𝑛
) ∗ 𝑥 (2) 

where ⨀  denotes element-wise multiplication, and 

𝑎𝑓𝑛, 𝑎𝑐𝑛 , and 𝑎𝑠𝑛 represent attention factors associated 

with spatial- and channel-related modulation. This omni-

dimensional control improves discrimination for tiny 

rebars that are easily confused with background patterns, 

while maintaining efficiency suitable for real-time 

inference. 

 

2.2.2. Attention guided bidirectional feature pyramid 

network 

Accurate rebar detection requires strong feature 

fusion across scales, because rebars can appear at very 

different sizes depending on camera distance, view angle, 

and illumination. However, the PANet-style fusion used 

in YOLOv10 largely relies on relatively shallow 

bidirectional aggregation, and repeated convolution-

based merging can weaken high-level semantic cues—an 

effect that is particularly harmful when detecting 

extremely small objects. 

To improve cross-scale integration, an EMA-BiFPN 

is designed by incorporating Efficient Multi-scale 

Attention (EMA) [16]. EMA refines features by 

modeling both spatial and channel relationships, helping 

the network emphasize small-object regions. In the 

proposed neck, a top-down pathway propagates semantic 

context to guide the fusion of low-level details, while 

skip connections between intermediate pyramid nodes 

help preserve informative features and strengthen 

gradient flow. 

Given an input feature map 𝑋 ∈ ℝH×W×C, EMA splits 

channels into 𝐺 groups 𝑋𝑔  to reduce cost. Two 

lightweight branches (e.g., 1×1 and 3×3 convolutions) 

extract complementary context. Channel attention terms 

are produced using global average pooling: 

𝐺𝑎𝑣𝑔
1×1  =  GAP(𝑋𝑔

1×1), 𝐺𝑎𝑣𝑔
3×3 = GAP(𝑋𝑔

3×3) (3) 

and the group-wise refined output is computed as: 

𝑋𝑔
𝐸𝑀𝐴  =  𝐺𝑎𝑣𝑔

1×1 ⨀ 𝑋𝑔
1×1 + 𝐺𝑎𝑣𝑔

3×3 ⨀ 𝑋𝑔
3×3 (4) 

All 𝑋𝑔
𝐸𝑀𝐴 are then concatenated along the channel 

dimension to form the final refined representation. This 

attention-guided fusion improves multi-scale context 

modeling while keeping computation lightweight, which 

is advantageous for dense small-object detection in 

complex scenes. 

 

2.2.3 Loss function with MPDIoU 

Bounding box regression performance depends 

strongly on the loss function. For small objects, IoU-

based losses can be unstable because small coordinate 

shifts may sharply reduce IoU, weakening the learning 

signal for accurate localization. YOLOv10 commonly 

employs Complete IoU (CIoU) [17], which extends IoU 

by adding penalties for center distance and aspect-ratio 

mismatch: 

𝐿𝐶IOU =  1 −  IoU(𝐵𝑔𝑡 , 𝐵𝑝𝑟𝑑) +
ρ2(𝑐𝑔𝑡 , 𝑐𝑝𝑟𝑑)

𝑐2
+ α𝑣 (5) 

where IoU(𝐵𝑔𝑡 , 𝐵𝑝𝑟𝑑) =  
𝐵𝑔𝑡∩𝐵𝑝𝑟𝑑

𝐵𝑔𝑡∪𝐵𝑝𝑟𝑑
 , ρ(𝑐𝑔𝑡 , 𝑐𝑝𝑟𝑑)  is 

the Euclidean distance between box centers, and 𝑐2 = 

𝑤𝑐
2 + ℎ𝑐

2 is the squared diagonal length of the smallest 

enclosing box covering both boxes. The aspect-ratio term 

is: 

Figure 2. Comparison of original YOLOv10 

(baseline), and modified YOLOv10 
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𝑣 =  
4

𝜋2
(arctan

𝑤𝑔𝑡

ℎ𝑔𝑡

−  arctan
𝑤𝑝𝑟𝑑

ℎ𝑝𝑟𝑑

)

2

,

+α =  
𝑣

(1 − IoU(𝐵𝑔𝑡 , 𝐵𝑝𝑟𝑑)) + 𝑣
(6)

 

Although CIoU improves convergence, it can be less 

sensitive when predicted and ground-truth boxes have 

similar aspect ratios but differ in scale, which is common 

for thin objects such as rebars. 

To strengthen localization for tiny, densely 

distributed targets, MPDIoU (Minimum Points Distance 

IoU) [18] is adopted. MPDIoU introduces additional 

constraints based on distances between corresponding 

corner points. For two shapes 𝐴  and 𝐵 , the squared 

distances for two paired corners are: 

𝑑1
2 = (𝑥1

𝐵  − 𝑥1
𝐴)2 + (𝑦1

𝐵  − 𝑦1
𝐴)2 (7) 

𝑑2
2 = (𝑥2

𝐵  − 𝑥2
𝐴)2 + (𝑦2

𝐵  − 𝑦2
𝐴)2 (8) 

and MPDIoU is computed as: 

MPDIoU =  
𝐴∩𝐵

𝐴∪𝐵
−

𝑤2+ ℎ2

𝑑1
2+ 𝑤2+ ℎ2

−
𝑤2+ ℎ2

𝑑2
2+ 𝑤2+ ℎ2

(9)

where 𝑤  and ℎ  are the image width and height. By 

explicitly penalizing corner mismatches, MPDIoU 

provides a stronger regression signal for small objects, 

improving box positioning and scale estimation under 

crowded and low-overlap conditions. 

2.2.4 Multi-prediction head 

To improve coverage of tiny rebars, the detector is 

extended to a four-head, multi-scale prediction scheme. 

Specifically, an additional high-resolution pyramid level 

is introduced by leveraging shallower Neck features that 

retain richer local details. This feature level is refined 

through the bidirectional fusion pathway and connected 

to an extra detection head. As a result, the model 

produces predictions at four scales, designed to cover 

extremely small, small, medium, and large objects, 

respectively. 

During training, the total objective is computed by 

summing the losses from all four heads: 

𝐿𝑇𝑜𝑡𝑎𝑙 =  ∑(𝐿𝐶𝑙𝑠
(𝑠)

+  𝐿𝑂𝑏𝑗
(𝑠)

+ 𝜆𝐿𝑅𝑒𝑔
(𝑠)

)

4

𝑠=1

(10) 

where 𝑠 ∈ {1, 2, 3, 4} indexes the prediction head (from 

the highest-resolution head for extremely small targets to 

the lowest-resolution head for large targets), 𝐿𝐶𝑙𝑠
(𝑠)

 and 

𝐿𝑂𝑏𝑗
(𝑠)

 denote the classification and objectness losses for 

head 𝑠, and 𝜆 balances the regression term. For bounding 

box regression, MPDIoU is used as: 

𝐿𝑅𝑒𝑔
(𝑠)

=  1 − MPDIoU(𝐵𝑔𝑡
(𝑠)

, 𝐵𝑝𝑟𝑑
(𝑠)

 ) (11) 

where 𝐵𝑔𝑡
(𝑠)

 and 𝐵𝑝𝑟𝑑
(𝑠)

represent the matched ground-truth 

and predicted bounding boxes assigned to head 𝑠 . By 

introducing a dedicated high-resolution head and 

supervising it with MPDIoU-based regression, the model 

receives a stronger learning signal for extremely small 

rebars, which reduces missed detections in crowded 

scenes while maintaining robust performance across 

diverse object scales. 

 

2.3 Evaluation metrics 

To explicitly assess small-object detection 

performance, Average Precision (AP)50 and AP50:95 

are reported. In addition, size-specific AP is also 

provided. All images are resized to 640 × 640 using 

aspect-ratio–preserving letterbox resizing, and bounding 

box sizes are measured in the resized coordinate system. 

For each ground-truth rebar box with width 𝑤 and height 

ℎ (in pixels), the size indicator is defined as: 

 

𝑠 = min (𝑤, ℎ) (11) 

Each instance is then assigned to one of four size bins: 

• Extremely Small (ES): 𝑠 < 8 pixel 

• Small (S): 8 ≤ 𝑠 <16 pixel 

• Medium (M): 16 ≤ 𝑠 < 32 pixel 

• Large (L): 𝑠 ≥ 32 pixel 

3. Experimental setting 

3.1 Data construction 

Rebar images were collected using a DJI Phantom 4 

Pro at seven active construction sites in South Korea. The 

UAV was manually flown to capture high-resolution 

RGB images from a near-vertical viewpoint at 

approximately 1–2 m above the rebar layout. RC 

columns were positioned near the image center, and data 

were acquired during working hours to reflect realistic 

site conditions, including changes in illumination, 

background clutter, and scene complexity. In total, 1,328 

images were collected and resized to 640×640 pixels. 

The dataset was randomly split into 

training/validation/test sets using a 60/20/20 ratio 

(796/266/266 images). 

Because augmentation outcomes depend on 

parameter settings, augmentation ranges were selected 

through iterative trial-and-error to maintain visually 

plausible samples. Eight single-augmentation training 

sets were produced from the 796 training images—

brightness, contrast, scaling, perspective, rotation, 

translation, shearing, and Gaussian blur (Table 1). A 

“sum-of-techniques” setting was also constructed by 

combining the original training set with all augmented 

versions, resulting in 7,164 training images (796 × 9). 

Bounding boxes were manually annotated using 

LabelImg for each visible rebar. All instances were 

assigned a single class label (“rebar”), and all other 

regions were treated as background. Labels were stored 
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in PASCAL VOC XML format. The number of 

annotated rebars in each subset is reported in Table 1. 

3.2 Comparative method 

Within a unified YOLOv10 framework, multiple 

backbones were evaluated, including CNN-based 

designs (CSPNet, ConvNeXt, EfficientNet) and 

transformer-based models (Swin Transformer, ViT, PVT, 

MobileViT, and Axial Transformer). For fair comparison, 

all models were trained under the same hyperparameter 

search space. For each architecture, 162 configurations 

were explored, and the best-performing setting was 

selected. Hyperparameters included batch size {1,2,4}, 

learning rate {0.00025, 0.0005, 0.001}, weight decay 

{0.0001, 0.0003, 0.0005}, momentum {0.5, 0.7, 0.9}, 

and maximum iterations {20k, 30k}. 

All detectors were initialized from COCO-pretrained 

weights and fine-tuned on the rebar dataset to accelerate 

convergence and improve robustness for small, densely 

clustered targets under complex backgrounds. 

Table 1. Augmentation settings and dataset statistics 

Configuration 
Range of 

parameter 
Images Rebars 

Original 

(training) 
– 796 19,576 

Brightness [-50, 50] 796 19,576 

Contrast [0.5, 3.0] 796 19,576 

Scale 
[x: 0.8, 1.5], 
[y: 0.8, 1.5] 

796 19,576 

Perspective [0.01, 0.18] 796 19,576 

Rotation [−35°, 35°] 796 19,576 

Translation 
[x: -0.3, 0.3], 

[y: -0.3, 0.3] 
796 19,576 

Shearing [− 20°, 20°] 796 19,576 

Blurring [0.5, 1.5] 796 19,576 

Validation  266 6,812 

Test – 266 6,737 

4. Results and discussion 

4.1 Sensitivity to weight initialization 

To quantify stochastic variation due to random 

initialization (and the resulting optimization trajectory), 

the best hyperparameter configuration for each 

architecture was retrained using five different random 

seeds. Overall, seed-to-seed variance is small across all 

models. Standard deviations remain low for both AP50 

(approximately 0.15–0.34) and AP50:95 (approximately 

0.16–0.41), indicating that the observed differences are 

not primarily driven by randomness and that model 

rankings are largely consistent across runs (Table 2). 

The proposed method achieves the best mean 

performance while maintaining stable results across 

seeds (AP50 = 94.52±0.22; AP50:95 = 71.52±0.21), 

suggesting that the gains are reproducible rather than 

dependent on a single favorable run. Among the 

baselines, Swin Transformer is the strongest competitor 

and also shows high stability (AP50 = 94.02±0.17; 

AP50:95 = 70.64±0.18), whereas PVT remains 

competitive but trails both Swin Transformer and the 

proposed method on AP50 and AP50:95. 

Notably, the improvement is larger for AP50:95 than 

for AP50. Relative to Swin Transformer, the proposed 

approach increases AP50 by about 0.50 points (94.52 vs. 

94.02) and improves AP50:95 by about 0.88 points 

(71.52 vs. 70.64), implying a stronger benefit for 

localization quality under stricter IoU thresholds. 

 

 

Table 2. Results across random initializations (μ±σ) 

Random 

factor 
Architecture AP50 AP50:95 

Weight 

initializa

tion 

CSPNet 92.36±0.16 69.61±0.17 

ConvNeXt 92.53±0.18 70.22±0.19 

EfficientNet 92.29±0.15 69.08±0.18 

Swin 

Transformer 
94.02±0.17 70.64±0.18 

ViT 89.19±0.34 62.81±0.41 

PVT 92.55±0.19 70.10±0.17 

MobileViT 89.77±0.22 64.71±0.16 

Axial 

Transformer 
92.14±0.21 69.24±0.22 

Proposed 94.52±0.22 71.52±0.21 

ConvNeXt 92.34±0.48 69.87±0.67 

EfficientNet 92.04±0.44 68.79±0.58 

Swin 

Transformer 
93.95±0.45 71.10±0.56 

ViT 88.86±0.69 62.30±0.88 

PVT 92.45±0.51 70.65±0.61 

MobileViT 89.43±0.57 64.33±0.69 

Axial 

Transformer 
91.93±0.50 68.96±0.64 

Proposed 

method 
94.45±0.41 72.30±0.49 

4.2 Impact of image conditions 

Table 3 reports performance under different image-

condition groups, created by partitioning the test set into 

two subsets per factor (examples shown in Figure 3). 

Because AP is computed from the full precision–recall 

curve, it is a dataset-level metric and is not additive 

across subsets; therefore, subgroup AP values are not 

expected to average to the overall test AP. 

Performance consistently drops under more Table 3. Model performance by image conditions 
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challenging conditions. Across all six factors—low 

illumination, far-field views, presence of similar objects, 

rebar overlap, shadows, and scenes with more than 25 

rebars—the “hard” subset yields lower AP50 and 

AP50:95 than the corresponding “easier” subset. The 

degradation is more pronounced for AP50:95, suggesting 

that difficult conditions primarily harm localization 

precision (tight box fitting) rather than only coarse 

detection. 

The most influential factor is visual range. Moving 

from near-field to far-field imagery causes the largest 

decline (AP50: 96.43→93.02, −3.41; AP50:95: 

74.26→69.44, −4.82). This reduction is driven mainly by 

the smallest objects: AP_ES drops from 91.12 to 83.41 

(−7.71), far exceeding the decreases for medium and 

large objects (AP_M −1.51; AP_L −0.84). This indicates 

that the dominant failure mode in far-field scenes is 

reduced small-object detectability due to weaker pixel 
evidence, which also explains the sharper drop in 

AP50:95. 

 

4.3 Ablation results 

Figure 4 summarizes the ablation of ODConv, EMA-

BiFPN, and MPDIoU using both relative changes (radar 

chart) and absolute values (table). Using the YOLOv10 

baseline as reference (AP50 = 93.50; AP50:95 = 70.45; 

Image 

condition 
Range AP50 AP50:95 AP𝐸𝑆 AP𝑆 AP𝑀 AP𝐿 

Illumination 
High 95.82 73.41 89.64 93.86 97.12 97.84 

Low 94.21 71.32 86.92 92.31 96.53 97.41 

Visual range 

Near-

field view 
96.43 74.26 91.12 94.71 97.38 97.96 

Far-

field view 
93.02 69.44 83.41 90.52 95.87 97.12 

Similar object 
Absent 95.74 73.24 89.76 93.93 97.15 97.86 

Present 94.08 71.12 86.31 92.05 96.42 97.35 

Rebar overlap 

Non-

overlap 
95.94 73.76 89.98 94.09 97.19 97.88 

Overlap 94.11 71.03 86.44 92.12 96.41 97.33 

Shadow 
Absent 95.63 73.12 89.22 93.58 97.03 97.79 

Present 94.36 71.48 86.91 92.37 96.62 97.46 

Number of 

rebars 

> 25 94.18 71.14 86.73 92.09 96.48 97.39 

≤ 25 95.88 73.69 90.05 94.1 97.22 97.91 

Figure 3. Examples of detected results by image 

conditions 
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37.66 FPS), each component provides a distinct benefit. 

ODConv improves overall accuracy (AP50 = 93.98; 

AP50:95 = 70.98) and strengthens small-object metrics 

(AP_ES = 85.83; AP_S = 91.18), with a modest 

throughput decrease (36.12 FPS). EMA-BiFPN yields 

comparable accuracy gains (AP50 = 93.93; AP50:95 = 

70.92) and provides the strongest single-module 

improvements for small targets (AP_ES = 86.08; AP_S 

= 91.11), while slightly increasing speed (38.11 FPS), 

indicating a favorable accuracy–efficiency balance. 

MPDIoU produces the largest single-module 

improvement on AP50:95 (71.07) with only a small 

change in AP50 (93.62), suggesting its primary effect is 

tighter localization under stricter IoU thresholds. 

Combining modules yields consistent additional 

gains, and the full configuration achieves the best overall 

results (AP50 = 94.72; AP50:95 = 71.86), with strong 

improvements for extremely small and small objects 

(AP_ES = 87.23; AP_S = 92.18). Relative to the baseline, 

the complete model increases AP50 by +1.22 and 

AP50:95 by +1.41. The gains are largest for small objects 

(AP_ES +2.59; AP_S +1.58) and remain positive for 

medium and large objects (AP_M +0.54; AP_L +0.30), 

while inference speed decreases slightly by 1.73 FPS. 

Overall, ODConv mainly trades speed for accuracy, 

EMA-BiFPN improves both accuracy and efficiency, and 

MPDIoU primarily enhances localization quality; 

together, they provide complementary improvements. 

 5. Conclusion 

This work investigated UAV-based rebar detection 

for reinforced-concrete column inspection, where rebars 

commonly appear as extremely small, densely distributed 

targets under cluttered backgrounds, shadows, and 

varying illumination. To improve detection in this small-

object regime, an enhanced YOLOv10 framework was 

developed by (i) integrating ODConv into the backbone 

to strengthen local feature extraction, (ii) adopting an 

attention-guided EMA-BiFPN neck for more effective 

multi-scale fusion, (iii) replacing the regression loss with 

MPDIoU to improve box localization under crowded and 

low-overlap conditions, and (iv) introducing a four-head 

multi-scale prediction design that includes an additional 

high-resolution detection branch for very small rebars. 

Across experiments, the proposed model achieved 

consistently higher detection accuracy than baseline 

backbones and showed limited performance variance 

across random initializations, supporting the 

reproducibility of the observed gains. Condition-based 

analysis further revealed that far-field imagery is the 

most challenging scenario, producing the largest 

performance drop due to the reduced pixel footprint of 

rebars and weaker visual evidence—especially for 

extremely small instances. 

Although the present study focused on offline 

analysis of UAV images, an important direction for 

future research is the development of an end-to-end real-

time system in which drone video streams are processed 

either on an onboard computing unit or through live 

transmission to a companion server for immediate rebar 

detection during flight. Such an extension would further 

strengthen the practical applicability of the proposed 

framework within construction inspection workflows. 

Future work will also focus on improving cross-site 

generalization through site-wise data splits, developing 

adaptive-resolution inference strategies for far-field 

scenes, and integrating counting-oriented post-

processing methods to reduce errors caused by dense 

overlap and ambiguous object separation. 

Figure 4. Ablation results of proposed 

method 
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