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Abstract 

During the fabrication of prestressed concrete beams, the quality and positional accuracy 

of the laid corrugated ducts (or prestressing ducts) directly influence the load-bearing ca-

pacity and durability of the beams. However, traditional manual inspection is inefficient, 

highly subjective, and difficult to achieve full coverage. To address this problem, this pa-

per proposes an automated detection method that integrates improved YOLOv11-based 

pose estimation, robust curve fitting, and image stitching techniques. The method auto-

matically identifies duct positions and evaluates laying quality. By incorporating the SE 

channel attention mechanism and the SPPFCSPC multi-scale pooling module, the SC-

YOLOv11 model is developed, which significantly enhances the detection accuracy of 

slender corrugated pipe key points in environments with dense rebar occlusion. The 

RANSAC algorithm is employed to fit curves to the predicted key points, effectively sup-

pressing the influence of outliers. Furthermore, the SIFT algorithm is used for precise 

stitching of drone-captured segmented images, which are then transformed into a unified 

front orthographic coordinate system of the entire box girder via perspective transfor-

mation, enabling accurate reconstruction of the corrected 2D layout of corrugated ducts 

across the full beam. Ablation experiments using 5-fold cross-validation demonstrate that 

SC-YOLOv11 improves mAP50 and mAP50–95 by 2.6% and 1.2%, respectively, with statistical 

significance (paired t-test, p < 0.01). The model achieves a per-image inference time of 6.37 

ms, with 4.34 M parameters and 8.1 GFLOPs, meeting real-time requirements. In a 30 m 

prefabricated box girder field application, the measured section trajectory fitting curves 

of the corrugated ducts were compared with the design alignment, successfully identify-

ing two abnormal locations where the laying deviation exceeded the allowable threshold. 

Cross-validation with on-site inspector records shows that over 92% of the measurement 

points agree within ±10 mm. This method achieves a fully automated analysis chain from 

key point detection and curve fitting to deviation quantification, providing an efficient, 

non-contact, and traceable intelligent tool for quality control of bridge prestressed sys-

tems. 
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1. Introduction 

In modern society, bridges serve as critical transportation infrastructure, playing an 

essential role in spanning complex terrains, reducing road intersections, shortening spa-

tial and temporal distances, and improving traffic capacity [1–3]. With the rapid advance-

ment of urbanization, the scale and complexity of bridge engineering projects have con-

tinued to increase. Prestressed reinforcement plays a vital role in bridge structures. By 

introducing prestressing forces, it effectively enhances the crack resistance of concrete 

bridges, reduces crack widths under bending moments, and thereby improves the dura-

bility and safety of the structure [4,5]. Moreover, prestressed reinforcement helps control 

long-term deflections, ensures service stability, increases load-bearing capacity to accom-

modate greater dynamic and static loads, and extends the overall service life of bridges. 

In bridge construction, corrugated ducts act as protective conduits for prestressed 

tendons. Their positions in the rectified image plane, pose, and deformation significantly 

affect the stress distribution in the tendons and the efficiency of prestress transfer. The 

installation quality of these ducts directly influences the effectiveness of prestress trans-

mission; therefore, ensuring accurate placement is a critical step in bridge construction 

[6,7]. However, traditional corrugated duct laying methods rely heavily on manual meas-

urement and empirical judgment. During construction, factors such as environmental var-

iations, formwork displacement, and vibrations from concrete pouring can cause the ducts 

to bend, twist, or deviate from their designed positions. These geometric deviations not 

only compromise positioning accuracy but may also lead to prestress eccentricity, stress 

concentrations, and incomplete grouting, ultimately reducing the bridge’s durability and 

safety. Since such issues are often difficult to detect and rectify after concrete placement, 

real-time monitoring of corrugated duct pose during construction is of great significance 

for early risk identification and timely quality control [8,9]. 

Currently, common on-site detection methods for corrugated ducts include manual 

measurement, total station surveying, and structural probing [10,11]. Although these ap-

proaches can assess laying quality to some extent, they generally suffer from low effi-

ciency and limited capability for continuous monitoring. As bridge projects grow in scale 

and complexity, traditional methods can no longer satisfy the demands of real-time and 

intelligent monitoring during construction. Consequently, developing a non-contact, 

rapid, and intelligent technology for corrugated duct pose detection has become an im-

portant direction in the informatization and quality control of bridge construction. 

In recent years, computer vision and deep learning technologies have advanced rap-

idly in civil engineering, offering new tools for intelligent detection during construction 

[12,13]. Kim et al. [14] proposed an automated method based on an improved Faster R-

CNN for detecting unsafe worker behaviors in high-altitude operations and validated its 

effectiveness and limitations. Yong Y.P. et al. [15] developed a collision avoidance system 

combining deep learning-based object detection with distance sensors to prevent potential 

collisions during crane lifting. Fang et al. [16] introduced a Mask R-CNN-based computer 

vision approach to detect workers crossing structural supports, enabling timely identifi-

cation of unsafe behaviors. Similar studies by Fang et al. [17], Wei et al. [18], Son et al. [19], 

Fang et al. [20,21], and Li et al. [22] have demonstrated the effectiveness of CNN-based 

models (including Faster R-CNN and ResNet) in recognizing construction workers, per-

sonal protective equipment (PPE) compliance, and unsafe actions from site images or vid-

eos. 

These camera-based object detection methods offer notable advantages, including 

low cost, ease of deployment, and minimal interference with ongoing construction activ-

ities, thereby enabling continuous monitoring [23]. Therefore, camera systems and image 

processing techniques can be effectively applied to detect the placement of corrugated 

ducts and identify potential quality issues in prestressed tendon arrangements. In bridge 
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construction environments, corrugated ducts typically exhibit regular curved geometries, 

and their spatial pose can be reconstructed by detecting and fitting key feature points. 

Combining deep learning with geometric fitting techniques allows high-precision recon-

struction of duct morphology even in complex construction settings. 

While CNN-based object detection has seen wide adoption in construction safety, 

recent advances in key point estimation and curve reconstruction have been largely 

driven by transformer architectures and lightweight high-resolution networks—yet their 

application to industrial slender-object scenarios remains unexplored. ViTPose [24] 

demonstrated that a plain vision transformer can achieve strong human pose estimation 

performance; TokenPose [25] further introduced learnable keypoint tokens to model spa-

tial relationships among joints. Lightweight models such as HRNet [26] maintain high-

resolution representations for precise key point localization, and RTMPose [27] pushes 

real-time multi-person pose estimation to edge devices. In the domain of curve and line 

detection, CLRNet [28] has shown promise for structural feature extraction, while real-

time detection transformers like RT-DETR [29] combine DETR’s paradigm with efficient 

hybrid encoders for faster inference. 

These advances motivate the exploration of a specialized solution for corrugated duct 

inspection, where the task is uniquely characterized by extreme aspect ratios, dense rebar 

occlusion, and the need to output ordered key points for subsequent curve fitting. Rather 

than directly adopting existing models designed primarily for human pose or generic ob-

ject detection, we build upon the YOLOv11 framework for its proven anchor-free key 

point head, real-time inference capability, and modular architecture that facilitates tar-

geted modifications. By integrating the SE channel attention mechanism and the 

SPPFCSPC multi-scale pooling module into this backbone, we construct SC-YOLOv11 to 

address the specific challenges of slender duct detection under occlusion while maintain-

ing the efficiency required for UAV-based field deployment. 

Based on the above background, this paper proposes a bridge prestressed tendon 

pose detection and quality analysis method that integrates the SC-YOLOv11 network with 

curve fitting techniques. The method is applied to deformation monitoring and installa-

tion quality control of corrugated ducts during the construction phase. Taking site-cap-

tured images as input, the approach first employs SC-YOLOv11 for automatic detection 

and localization of corrugated duct key points. RANSAC [30] is then used to perform ro-

bust curve fitting on the detected points. Subsequently, the SIFT [31] algorithm stitches 

segmented box-girder images, connecting the fitted curves to obtain the complete spatial 

layout of corrugated ducts across the entire girder. Finally, by comparing the recon-

structed 2D trajectories with the design drawings, the deviations and pose changes meas-

ured in the rectified image plane are quantified, enabling inference of prestressed tendon 

positions and comprehensive construction quality assessment. This system facilitates 

rapid, non-contact detection on construction sites and provides reliable data support for 

dynamic quality control. 

2. Methodology 

This paper systematically elaborates on the execution flow of the algorithm, provides 

an in-depth analysis of the corrugated pipe curve fitting algorithm and image stitching 

algorithm, and finally introduces the model evaluation methodology. 

2.1. Overview 

This paper proposes a corrugated pipe quality detection method based on machine 

vision and curve fitting, optimizing the YOLOv11 (Ultralytics YOLOv11 v11.0.0) [32] 

model to extract features of corrugated pipes and box girder frameworks. The proposed 

method is illustrated in the framework diagram shown in Figure 1. First, data processing 
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is conducted: images of laid corrugated pipes are captured by unmanned aerial vehicles 

(UAVs) as raw data and annotated, including key information such as corrugated pipe 

feature points and box girder framework vertices. Since precast box girders are generally 

long, the UAV captures images at intervals determined by the shooting distance. To en-

sure that images assigned to different data subsets do not contain the same scene, the 

image acquisition positions were carefully spaced, and subsequent dataset splitting was 

performed at the girder-segment level. Second, the SE channel attention mechanism and 

SPPFCSPC multi-scale pooling module are embedded into the YOLOv11 model to sub-

stantially improve key point localization accuracy under dense occlusion—a prerequisite 

for the subsequent geometric algorithms to function correctly. Training is performed 

based on image annotations, and the pre-trained optimized YOLOv11 model is employed 

to analyze the images of laid corrugated pipes, obtaining the vertex coordinate infor-

mation of the corresponding box girder framework and the feature point coordinate in-

formation of the corrugated pipes. Next, the coordinate information of corrugated pipe 

feature points obtained from different shooting directions is used for curve fitting with 

the RANSAC algorithm. Subsequently, perspective correction is performed on the box 

girder images based on the vertex coordinates of the box girder framework obtained by 

the optimized YOLOv11, yielding the perspective transformation matrix. Box girder im-

ages with sequential relationships are stitched using the SIFT algorithm to obtain the im-

age transformation matrix. This method performs perspective transformation after stitch-

ing all images, thereby reducing errors caused by multiple perspective transformations. 

Finally, by aggregating all transformed fitted curves, the overall morphology and distri-

bution of corrugated pipes throughout the entire box girder can be obtained, and the rel-

ative position of corrugated pipes with respect to the entire box girder framework can be 

accurately calculated. 

 

Figure 1. Experimental method framework diagram. 

Although YOLOv11, RANSAC, and SIFT are individually mature, simply chaining 

them together fails in the heavily occluded scenes encountered during corrugated duct 

inspection. A generic YOLOv11 detector, confronted with ultra-narrow ducts woven 

through dense rebar, inevitably outputs a high fraction of outlier key points along with 

substantial localization errors. Under these conditions, RANSAC’s ability to recover the 

correct duct trajectory degrades sharply: with such a low inlier ratio, the consensus set is 

easily hijacked by noise, producing a fitted curve that bears no physical relation to the 

actual pipe. At the same time, SIFT-based stitching and perspective correction depend 

critically on the precision of the detected box-girder corner points. When these key points 

are poorly localized, the errors propagate into the estimated homographies, accumulate 

along the image sequence, and ultimately render millimetre-level deviation measurement 

unreliable. The proposed SC-YOLOv11 is designed to break this chain by integrating SE 
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channel attention, which suppresses background clutter and strengthens duct-specific fea-

tures, and SPPFCSPC, which supplies multi-scale context to recover fine spatial detail un-

der occlusion. These modules jointly reduce the key point error (NME from 0.184 to 0.138) 

and lift the inlier rate high enough for RANSAC to reliably identify the true consensus set. 

In this pipeline, the improved detection precision is not an incremental gain but the ena-

bling condition for the subsequent geometric stage to produce physically meaningful 

measurements—something that simply cascading YOLOv11, RANSAC, and SIFT cannot 

deliver. 

2.2. Network Model Structure Optimization 

To enhance the robustness of the network model in recognizing partially occluded 

corrugated pipe targets, it is necessary to optimize the YOLOv11 network framework. To 

this end, this paper introduces the SE module (Squeeze and Excitation) [33] and replaces 

the SPPF [34] module in the backbone network with the SPPFCSPC module. The im-

proved network is referred to as SC-YOLOv11, and its structure is shown in Figure 2. 

 

Figure 2. Improved YOLOv11-pose Network Architecture. 

In corrugated duct pose estimation, two inherent challenges arise: the ducts’ extreme 

length-to-width ratio makes them highly sensitive to occlusion by the dense rebar frame-

work, and the low contrast against concrete leads to ambiguous feature boundaries. To 

address both, we propose a synergistic combination of SE and SPPFCSPC. The SE module 

re-weights channels to enhance duct-specific structural patterns while suppressing rebar 

and shadow noise; the SPPFCSPC module expands the receptive field and preserves fine 

local details critical for localising narrow, elongated ducts. Together, SE provides global 

channel attention to maintain object coherence, while SPPFCSPC supplies multi-scale spa-

tial context to recover from local occlusions. This joint design, rather than a trivial addition 

of existing modules, forms a dedicated backbone for slender and heavily occluded targets 

in industrial scenes. 
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2.2.1. SE Attention Module 

When detecting the corrugated ducts used for embedding prestressed tendons in 

precast box girders, the dense reinforcement framework inside the girder causes severe 

occlusion of the ducts. This significantly reduces their saliency in images and adversely 

affects detection accuracy. To mitigate this issue, the SE (Squeeze-and-Excitation) channel 

attention module is embedded at specific stages of the YOLOv11 backbone network. The 

module adaptively models inter-channel dependencies through a “squeeze-and-excita-

tion” mechanism, thereby enhancing the response to structural features associated with 

the corrugated ducts while suppressing background noise and irrelevant information. 

This effectively improves both the recognition accuracy and robustness of the model for 

corrugated duct targets in complex internal environments of box girders. The structure of 

the SE attention module is illustrated in Figure 3. 

 

Figure 3. SE Structure Diagram. 

As shown in Figure 3, X represents the input feature map with C channels, and height 

and width of H and W, respectively. The SE module applies squeeze, excitation, and re-

calibration operations to X sequentially, generating a one-dimensional vector correspond-

ing to the number of channels C, which is used to characterize the importance scores of 

each channel. These weights are then used to rescale the original feature map, achieving 

channel-wise feature recalibration and improving the utilization efficiency of informative 

features. The detailed operational steps of the SE module are as follows: 

Squeeze (Fsq): The module first performs a global average pooling operation on the 

input feature map, compressing the two-dimensional spatial information of each channel 

into a single scalar value that captures the global activation intensity of that channel. The 

mathematical expression is: 

( )sq
1 1

1
( ) ,

H W

c c
i j

F u u i j
H W = =

= 
  

(1) 

where uc represents the input feature map. 

Excitation (Fex): In this stage, the squeezed feature descriptor first passes through a 

fully connected layer that reduces its dimension from 1 × 1 × C to 1 × 1 × C/r using a reduc-

tion ratio r. This dimensionality reduction effectively lowers computational complexity. 

The compressed features are then fed into a ReLU activation function, followed by another 

fully connected layer that restores the dimension back to 1 × 1 × C. During this process, 

the inter-channel dependencies are learned to generate weight coefficients for each chan-

nel. Finally, a sigmoid activation function is applied to normalize the weights to the range 

[0, 1]. 

Scale (Fscale): The weight coefficients learned from the excitation operation are then 

multiplied element-wise with the original feature map to recalibrate the channel-wise fea-

tures. The mathematical expression is: 

( )scale ,c c c c cX F u s u s= = 
 

(2) 
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where sc represents the normalized weights. 

In summary, the SE module obtains a global statistical description of each channel 

through the squeeze operation and adaptively weights the features according to the exci-

tation operation. By explicitly modeling the interdependencies between channels, it 

strengthens the response to critical features, suppresses redundant or interfering ones, 

and thereby enhances the model’s capability for feature reconstruction and representation 

in complex scenes. 

2.2.2. SPPFCSPC Pooling Module 

In conventional convolutional neural networks, the input image size is typically fixed. 

Consequently, various cropping and resizing operations are often required during actual 

detection tasks. These preprocessing steps can lead to a loss of feature representation ca-

pability, particularly degrading the detection performance for small and slender targets. 

To address this limitation, spatial pyramid pooling techniques are commonly inserted into 

neural networks. In this paper, the original SPPF pooling module in the YOLOv11 back-

bone is replaced with the more advanced SPPFCSPC pooling module. This substitution 

not only provides richer multi-scale feature representations but also effectively mitigates 

the over-smoothing problem caused by pooling operations, resulting in improved detec-

tion accuracy and robustness for small-target detection tasks. The structure of the 

SPPFCSPC pooling module is illustrated in Figure 4. 

 

Figure 4. SPPFCSPC Structure Diagram. 

The SPPFCSPC module consists of two main sub-modules: the SPP (Spatial Pyramid 

Pooling) sub-module and the FCSPC sub-module. The SPP sub-module applies spatial 

pyramid pooling to map the input features into multiple scale spaces, aggregating contex-

tual information across different receptive fields and thereby generating feature represen-

tations that capture multi-scale details. In contrast, the FCSPC sub-module employs stand-

ard convolutions with multiple kernel sizes to extract features from targets of varying 

scales, further enhancing the overall feature representation capability. The outputs of 

these two branches are subsequently fused along the channel dimension. This design im-

proves detection accuracy while maintaining high computational efficiency. 

By performing multiple max-pooling operations on the input features, the SPPFCSPC 

module strengthens the network’s ability to model semantic information of targets. Fur-

thermore, the improved structure promotes deep fusion between local fine-grained details 

and global contextual features. This effectively expands the receptive field, enhances the 

network’s adaptability, and improves detection accuracy in complex scenes. 

2.3. Perspective Transformation 

In Section 2.1, to accurately obtain the relative positions of the corrugated ducts, it is 

necessary to convert the captured box girder images into a front orthographic view. This 

allows for more intuitive comparison and analysis with the design drawings. To eliminate 

the effects of perspective distortion on the images, this study employs a perspective trans-

formation algorithm to process the original images. The perspective relationships in the 

images are adjusted to a frontal orthographic view, thereby achieving more accurate 
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geometric restoration and facilitating subsequent image analysis and comparison. The co-

ordinates of the four vertices of the box girder are first detected using the network model. 

Perspective transformation is then applied according to the following formula: 

11 12 13

21 22 23

31 32 331 1

x x h h h x

y y h h h y

w h h h

       
       

= =
       
       



       





H

 

(3) 

The actual coordinates (x′, y′) are subsequently obtained through homogeneous co-

ordinate normalization: 

,
x y

x' y'
w w

= =
 

   
(4) 

where (x, y) denotes a point in the original image, (x′, y′) is the corresponding point after 

perspective transformation, and H is the 3 × 3 perspective transformation matrix. 

Since the perspective transformation matrix is defined up to a scale factor, it pos-

sesses eight degrees of freedom. It can represent a general planar projective transfor-

mation that includes translation, rotation, scaling, shearing, and perspective distortion. By 

establishing four pairs of corresponding points between the original image and the de-

sired orthographic view, the perspective transformation matrix H is computed. The curves 

fitted in the original image can then be corrected into the front orthographic view using 

this transformation matrix. 

To further convert corrected image coordinates to actual physical dimensions, two 

coordinate systems are defined: the image coordinate system (u, v) with its origin at the 

upper-left corner of the rectified orthographic image, where u points to the right and v 

points downwards, measured in pixels; and the physical coordinate system (x′, y′) with its 

origin at the lower-left corner of the box-girder framework, where x′ is along the beam 

span direction and y′ is vertically upward, in millimeters. Using the four framework ver-

tices detected by SC-YOLOv11 and the known design dimensions— for instance, the 

width Wmm and height Hmm—together with their pixel spans Wpix and Hpix, a mm-per-pixel 

scale factor is obtained: where λx = Wmm/Wpix, λy = Hmm/Hpix. This perspective transformation 

simultaneously corrects perspective distortion caused by the camera view and residual 

lens distortion, eliminating the need for a separate intrinsic calibration. All subsequent 

physical deviations are converted from pixel errors using λx and λy. 

2.4. RANSAC Algorithm 

In the experiments of this paper, due to factors such as occlusion during the corru-

gated pipe recognition process, feature points may not be captured completely and clearly, 

potentially introducing noise. Therefore, this paper employs the RANSAC algorithm to 

fit the corrugated pipe laying curve. RANSAC is a random sample consensus estimation 

method that can, in datasets containing outliers, repeatedly randomly extract minimum 

subsets from samples for model fitting, evaluate model consistency through the entire da-

taset, and ultimately obtain model parameter estimates for the maximum consensus set. 

Since fitting a cubic polynomial requires estimating four independent parameters, at 

least four sample points are needed to determine a unique set of parameter solutions un-

der the premise that the design matrix formed by the selected sample points is full-rank. 

Therefore, the minimum sample set size for each random sampling in this RANSAC fitting 

is 4. To ensure that there is at least one sampling obtaining an all-inlier sample with a 

given confidence level p, the following formula is used: 

log(1 )

log(1 )s
p

K
w

−


−  

(5) 
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where p is the desired confidence level, ε is the prior estimate of the inlier ratio, and s is 

the minimum number of samples per iteration, with a value of 4 in this case. 

In the implementation, the residual threshold was set to 10 pixels to match the typical 

key point localization error in the images. The maximum number of iterations was fixed 

at 500. Given the densely occluded construction environment, a conservative inlier ratio 

of 0.5 was assumed. With a minimum sample size of 4 and 500 iterations, the confidence 

level p > 0.999, i.e., the probability that at least one all-inlier subset is sampled is greater 

than 99.9%. The optimal model is selected as the candidate with the largest consensus set. 

Final parameters are then re-estimated from all inliers using least squares and SVD. 

In each iteration, 4 coordinate points are randomly sampled without replacement 

from the dataset, and the coefficient vector 0 1 2 3[ , , , ]a a a a= 
a

 is solved based on these 

4 coordinate points. The residuals are calculated point by point according to the coefficient 

vector, as shown in Equation (6), and samples are classified as inliers or outliers based on 

the relationship between residuals and the threshold: 

| |ˆ
i i ir y y= −

 
(6) 

where ri is the absolute residual of the i sample point, yi is the observed value, and ŷi is the 

predicted value under the candidate model parameters. 

Through multiple iterations, the optimal candidate model is continuously updated, 

and the best consensus set is ultimately obtained. At this point, a final least squares fitting 

is performed on this best consensus set to obtain the final function formula. The least 

squares method first constructs matrices based on the required xi and yi for fitting, as 

shown below: 
3 2

11 1 1

3 2
22 2 2

3 2

1

1
,

1 mm m m

yx x x

yx x x

yx x x

   
   
   = =
   
   
    


V y

 

(7) 

where m represents the number of observed data points, and V is the design matrix con-

structed from the input data. 

After constructing matrices V and observation vector y, the coefficient vector 

0 1 2 3[ , , , ]a a a a= 
a

 is determined by solving Equation (4). In actual computation, the 

inverse matrix is not directly calculated; instead, SVD [35] is employed to avoid problems 

caused by numerical instability. SVD decomposition decomposes matrix V into the prod-

uct of three matrices: V = UΣVT, thereby obtaining the coefficient a by solving a stable 

linear equation, avoiding the accumulation of numerical errors. This method not only im-

proves computational accuracy but also enhances the stability of the model when pro-

cessing larger datasets. 
2

2min
a

−Va y
 

(8) 

2.5. SIFT Algorithm 

The Scale-Invariant Feature Transform (SIFT) algorithm is a robust local feature ex-

traction method for images. It can stably detect and describe feature points even under 

conditions of scaling, rotation, illumination changes, and partial occlusion. The algorithm 

mainly consists of four steps: scale-space extrema detection, key point localization, orien-

tation assignment, and key point description. 

Scale-space extrema detection begins by applying Gaussian blur to the image using 

convolution kernels of multiple scales, constructing a Gaussian pyramid composed of 

blurred images at different scales. Next, the difference between adjacent levels of the 
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Gaussian pyramid is computed to generate the Difference of Gaussian (DoG) pyramid. 

Then, each pixel in the middle layers of the DoG pyramid is examined. For a given pixel, 

its value is compared with the 26 neighboring pixels in a 3 × 3 window across the current 

scale and the scales immediately above and below. If the pixel value is the maximum or 

minimum among these 26 neighbors, it is identified as a candidate extremum point. 

These candidate key points correspond to local extrema in the DoG space, but their 

coordinates are discrete. Key point localization refines these candidates by fitting a quad-

ratic function to the DoG space to determine the precise location and scale of each key 

point. 

After accurate localization, the dominant orientation of each key point is determined. 

In the orientation assignment step, the gradient magnitude and direction are calculated 

for all pixels in a neighborhood around the key point. A gradient orientation histogram is 

then constructed within this region, and the direction with the highest accumulated value 

is selected as the dominant orientation. To achieve rotation invariance, the coordinate axes 

in the local neighborhood are rotated to align with this dominant orientation. 

Finally, key point description is performed. The rotated region around the key point 

is divided into smaller sub-windows. For each sub-window, the gradient magnitudes and 

orientations are computed. A Gaussian weighting function is applied to give higher 

weight to pixels closer to the key point. Gradient orientation histograms are then built for 

each sub-window, and the accumulated values for each orientation bin are calculated. In 

this way, the descriptor of each key point is formed by concatenating the histograms from 

all sub-windows, resulting in a vector that encodes both the magnitude and directional 

information of the local gradients. 

2.6. Model Performance Evaluation 

In this study, the performance of the proposed pose estimation algorithm is compre-

hensively evaluated using the metrics of Precision, Recall, mAP50, and mAP50–95. 

The formulas for Precision and Recall are defined as follows: 

TP
Precision

TP FP
=

+  
(9) 

TP
Recall

TP+FN
=

 
(10) 

where TP, FP, and FN denote the number of true positives, false positives, and false neg-

atives, respectively. 

Mean Average Precision (mAP) is a key comprehensive metric for evaluating model 

performance. It considers not only the localization accuracy but also the classification cor-

rectness across object categories. The mAP is calculated as the average of the Average Pre-

cision (AP) values over all categories. The formula is given by: 

1

1 N

i
i

mAP AP
N =

= 
 

(11) 

where N is the total number of categories, and APi is the average precision for the i cate-

gory. APi is obtained as the area under the Precision-Recall (P-R) curve for each category. 

In this paper, mAP50 refers to the mAP value when the Intersection over Union (IoU) 

threshold is 0.5, while mAP50–95 represents the average mAP across IoU thresholds rang-

ing from 0.50 to 0.95, serving as a stricter evaluation criterion. 

To assess the quality of the curve fitting, the coefficient of determination R2 is adopted. 

It reflects the goodness of fit of the fitting algorithm to the data. The formula is as follows: 
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where yi is the actual value, 
ˆ
iy  is the predicted (fitted) value, y  is the mean of the ac-

tual values, and n is the number of samples. 

The value of R2 ranges is (−∞, 1], representing the proportion of the variance in the 

dependent variable that is predictable from the independent variable. An R2 value closer 

to 1 indicates a better fit. This metric is dimensionless and is not affected by image resolu-

tion or data scale, allowing for objective and intuitive comparison of regression perfor-

mance across different models or datasets. In this study, R2 is presented in decimal form. 

We also report the Percentage of Correct Key Points (PCK) and Normalized Mean Error 

(NME) to evaluate key point localization. PCK0.05 and PCK0.1 denote the fraction of key 

points with error below 5% and 10% of the object scale, while NME is the average normal-

ized Euclidean distance between predicted and ground-truth keypoints. In addition, to 

reflect the actual physical accuracy of key point localization, the physical root-mean-

square error (RMSE, in cm) and mean absolute error (MAE, in cm) are computed from key 

point coordinates using the scale factor λ defined in Section 2.3. 

3. Data Preprocessing and Experimental Environment 

The dataset used in this study was collected using a UAV (unmanned aerial vehicle) 

to capture both top-down and near-frontal views of precast box girders. All images have 

a resolution of 3840 × 2160 pixels, as shown in Figure 5. Specifically, Figure 5a presents 

the top-down view captured with the UAV positioned vertically at a height of 15 m above 

the ground. Figure 5b shows the near-frontal view, where the UAV was positioned ap-

proximately 25 m horizontally from the girder at a height of 15 m above the ground, with 

a pitch angle of −30°. These data were collected at an expressway construction site in Hebei 

Province, China, involving 22 precast box girders (each with a span of 30 m). For each 

girder, two independent UAV flights were conducted, one for the overhead view and one 

for the near-frontal view, totaling 44 flight sorties. All images were captured under clear 

weather and natural lighting conditions, as the UAV operated only in rain-free and fog-

free conditions. The corrugated ducts are plastic pipes with an outer diameter of approx-

imately 50 mm, and partial occlusion exists in some areas. In the top-down view images, 

two corrugated ducts are typically visible. In the side-view cross-section, five corrugated 

ducts are physically installed; however, the lowest duct is completely hidden by the dense 

reinforcement cage and is not visible in the captured images. Therefore, only the upper 

four ducts are annotated and used in the subsequent detection, curve fitting, and deviation 

analysis. 

During the annotation process, the Labelme tool (v5.8.3) was employed to label the 

corrugated ducts and the precast box girder framework in the images. In addition, key 

point annotation rules were defined as follows to enable subsequent pose estimation. For 

top-down images, where the corrugated ducts run horizontally across the box girder, two 

boundary points were first placed at a short distance inward from each visible end of the 

duct. The remaining seven key points were then equally spaced between these two bound-

ary points, resulting in a total of nine key points per duct and corresponding to eight equal 

intervals. If a duct was partially outside the frame, key points were marked only for the 

portion within the field of view. For near-frontal (side-view) images, the segment of each 

duct between two adjacent vertical reinforcement bars was used. Two boundary points 

were first positioned at a small offset inward from the two reinforcement bars. The re-

maining three key points were then equally distributed between those two boundary 
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points, yielding a total of five key points and corresponding to four equal intervals. When 

a key point location was fully occluded (e.g., by other structural components or heavy 

shadows), that point was skipped and left unannotated. A pose estimation approach was 

adopted to facilitate the fitting of the corrugated duct trajectories. 

The processed image dataset was subsequently divided into training, validation, and 

test sets. To avoid data leakage, the split was performed based on capture time: images 

taken at different times and covering different viewing angles of the box girder were as-

signed to separate subsets. Consequently, all images from the same or adjacent time peri-

ods, which may share overlapping views, are kept entirely within one subset and never 

appear across different data splits. Since each box girder was photographed in its own 

separate sessions, splitting the data by capture time is equivalent to splitting by girder. As 

a result, all images belonging to the same girder are guaranteed to be placed entirely 

within one subset, and no images of the same girder appear in more than one subset. The 

split ratio was kept at 8:1:1, and the specific numbers remain as presented in Table 1. 

  

  

  
(a) (b) 

Figure 5. Example of the dataset: (a) Overhead. (b) Front view. 

Table 1. Corrugated Duct Pose Estimation Dataset. 

View Training Set Validation Set Test Set Ratio Total 

Overhead 263 33 33 8:1:1 329 

Front view 246 30 30 8:1:1 308 
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In the experiments, the system was configured with PyTorch 2.6.0+cu118, an NVIDIA 

GeForce RTX 5070Ti GPU (NVIDIA Corporation, Santa Clara, CA, USA) with 16 GB of 

video memory, an Intel Core i5-14600KF processor (Intel Corporation, Santa Clara, CA, 

USA; 14 cores and 20 threads), and 32 GB of system memory. The Python environment 

was version 3.9, and CUDA 11.8 was used to ensure compatibility with PyTorch 

2.6.0+cu118. During model training, a total of 200 epochs were performed with a batch 

size of 4, a default learning rate of 0.01, and an input image size of 1280 × 1280 pixels. 

4. Experimental Results 

This paper conducted ablation experiments on the optimized model, demonstrated 

its prediction performance, and compared the results with evaluation results of other 

models. Additionally, the corrugated pipe path curve fitting process was presented, along 

with the stitching and correction of box girders and predicted curves based on the rela-

tionships between consecutive images. 

4.1. Ablation Experiments 

On the dataset constructed in this paper, based on the YOLOv11 model, the SE atten-

tion mechanism was embedded into the backbone network, and the SPPF module was 

replaced with the SPPFCSPC module. The performance data of ablation experiments on 

precision, recall, mAP50, and mAP50–95 metrics are shown in Table 2. 

Table 2. Ablation Experiment Results. 

Model Precision Recall mAP50 mAP50–95 PCK0.05 PCK0.1 NME 

YOLOv11 66.5% ± 0.8% 60.2% ± 0.9% 55.5% ± 0.7% 17.1% ± 0.5% 51.2% ± 1.0% 59.8% ± 0.9% 0.194 ± 0.008 

YOLOv11+SE 70.5% ± 0.7% 65.6% ± 0.8% 58.4% ± 0.6% 21.5% ± 0.6% 55.6% ± 0.9% 64.5% ± 0.8% 0.161 ± 0.007 

YOLOv11+CBAM 67.6% ± 0.7% 63.1% ± 0.7% 56.1% ± 0.6% 18.9% ± 0.6% 52.8% ± 0.8% 60.5% ± 0.9% 0.183 ± 0.008 

YOLOv11+CA 68.4% ± 0.8% 64.6% ± 0.9% 56.8% ± 0.8% 20.5% ± 0.5% 53.8% ± 0.9% 62.8% ± 0.8% 0.191 ± 0.007 

YOLOv11+ECA 70.9% ± 0.6% 65.2% ± 0.8% 57.5% ± 0.7% 21.2% ± 0.4% 55.2% ± 0.9% 63.9% ± 0.7% 0.168 ± 0.006 

YOLOv11+SPPFCSPC 69.9% ± 0.8% 66.1% ± 0.8% 57.6% ± 0.7% 21.4% ± 0.5% 54.3% ± 1.0% 63.9% ± 0.9% 0.167 ± 0.008 

YOLOv11+SE+SPPFCSPC 71.2% ± 0.6% 66.5% ± 0.7% 59.1% ± 0.6% 22.3% ± 0.4% 57.3% ± 0.8% 67.6% ± 0.7% 0.138 ± 0.006 

The experimental results clearly demonstrate that introducing the SE attention mech-

anism and SPPFCSPC module into YOLOv11 can consistently and significantly improve 

detection performance. Compared with the original YOLOv11, after embedding the SE 

attention mechanism alone, precision improved by 1.1% and mAP50 improved by 1.9%, in-

dicating that channel attention effectively suppressed background noise interference. Re-

placing SPPF with the SPPFCSPC module alone improved recall by 1.1%, showing that 

more efficient multi-scale feature fusion significantly enhanced detection capability for 

small and occluded targets. When both mechanisms acted simultaneously, optimal per-

formance was achieved, with precision increasing by 1.7%, recall by 1.3%, mAP50 by 2.6%, 

and mAP50–95 by 1.2%, demonstrating obvious synergistic gains. The novelty of SC-

YOLOv11 lies not in the isolated introduction of SE or SPPFCSPC, but in their task-specific 

integration that jointly addresses the challenges of slender geometry and dense occlusion, 

a scenario rarely tackled by prior pose estimation networks. 

Overall, the combination of SE and SPPFCSPC achieved dual improvements in preci-

sion and recall, enabling the improved YOLOv11 to possess stronger robustness and prac-

tical value in complex scenarios. The key point metrics in Table 2 further support these 

improvements. Baseline YOLOv11 reaches a PCK0.05 of 0.522 and an NME of 0.184. Adding 

the SE module alone raises PCK0.05 to 0.556 and reduces NME to 0.161. Replacing SPPF 

with SPPFCSPC yields a PCK0.05 of 0.543 and an NME of 0.167. The complete SC-YOLOv11 

achieves the highest PCK0.05 (0.573) and the lowest NME (0.138), confirming substantially 
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better key point accuracy. To assess statistical significance, 5-fold cross-validation was 

employed: each configuration was trained five times, each time using a different fold for 

validation while the remaining four folds were used for training. The reported metrics are 

averaged across the five folds, and a paired t-test was applied to compare the proposed 

SC-YOLOv11 against the baseline YOLOv11. The resulting p-values for the key metrics 

mAP50 and PCK0.05 were both below 0.01, confirming that the observed improvements are 

statistically significant. 

The prediction effects are shown in Figure 6, where Figure 6a presents the top-down 

view and Figure 6b presents the frontal view. From the visualization results, it can be 

observed that the original YOLOv11 predicted numerous outlier key points for corrugated 

pipes, with some key points significantly deviating from the corrugated pipes, seriously 

affecting the accuracy of subsequent curve fitting and laying path reconstruction. In con-

trast, the key points detected by the improved SC-YOLOv11 almost all precisely fell on 

the corrugated pipes, with outliers substantially reduced, significantly improving the ro-

bustness and accuracy of corrugated pipe pose estimation and providing high-quality fea-

ture point inputs for subsequent RANSAC curve fitting. 

  
YOLOv11 SC-YOLOv11 

(a) 

  
YOLOv11 SC-YOLOv11 

(b) 

Figure 6. Comparison of Prediction Performance Between the Original and Improved Models: (a) 

Overhead. (b) Front view. 

4.2. Performance Comparison with Different Detection Models 

To further validate the detection performance of SC-YOLOv11, comparative experi-

ments were conducted under identical experimental conditions and hyperparameter set-

tings. All comparison models were retrained from scratch using exactly the same dataset 

and the same training, validation, and test split described in Section 3. The only model-

specific modifications involved adjusting the number of output key points to match the 

corrugated duct key point configuration. Various representative models were selected for 

comparison, and the results are summarized in Table 3. In addition to classification-re-

lated metrics (Precision, Recall, mAP50, mAP50–95), we also report efficiency indicators (FPS, 

Params, GFLOPs) to provide a comprehensive assessment of practical deployability. 

Table 3. Comparison of detection and efficiency metrics across different models. 

Model Precision Recall mAP50 mAP50–95 FPS Params GFLOPs 

OpenPose [36] 70.5% 63.4% 57.4% 20.9% 16.2 96.4 68.5 

PoseNet [37] 62.2% 58.3% 50.6% 16.7% 36.5 34.8 23.6 
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Lightweight OpenPose [38] 67.5% 60.6% 57.3% 19.5% 136.7 3.27 5.2 

DarkPose [39] 69.3% 62.7% 58.4% 19.8% 34.3 28.1 43.4 

ViTPose [24] 72.5% 67.2% 59.7% 23.1% 27.7 76.3 113.8 

SC-YOLOv11 71.2% 66.5% 59.1% 22.3% 101.6 4.34 8.1 

As shown in Table 3, the proposed SC-YOLOv11 outperforms traditional OpenPose-

series models and PoseNet across all evaluation metrics. Compared with OpenPose, Po-

seNet, and Lightweight OpenPose, SC-YOLOv11 raises mAP50–95 from 20.9%, 16.7%, and 

19.5% to 22.3%, corresponding to improvements of 1.4, 5.6, and 2.8 percentage points, re-

spectively. These gains can be primarily attributed to YOLOv11’s single-stage anchor-free 

instance detection framework, which fundamentally avoids the limb partitioning and er-

roneous association issues commonly encountered by OpenPose-series methods when us-

ing Part Affinity Fields (PAF) in densely occluded rebar scenes. It also overcomes the in-

herent instability of PoseNet’s direct coordinate regression when dealing with targets ex-

hibiting extreme aspect ratios. Furthermore, the incorporation of the SE channel attention 

mechanism and the SPPFCSPC multi-scale pooling module significantly enhances the 

model’s ability to capture multi-scale features of slender corrugated ducts, thereby achiev-

ing superior instance integrity and robustness in complex industrial environments. 

SC-YOLOv11 also demonstrates strong competitiveness against DarkPose, achieving 

slightly higher mAP50 (59.1%, compared with 58.4%) and mAP50–95 (22.3%, compared with 

19.8%), while operating at nearly three times the inference speed (101.6 FPS for SC-

YOLOv11 versus 34.3 FPS for DarkPose) with only one-sixth of the parameters (4.34 M 

against 28.1 M). This indicates that the proposed architectural improvements yield both 

accuracy gains and substantial efficiency benefits. 

When compared with the ViTPose model, SC-YOLOv11 achieves very competitive 

accuracy: its mAP50 (59.1%) and mAP50–95 (22.3%) are only 0.6 and 0.8 percentage points 

lower than ViTPose’s 59.7% and 23.1%, respectively. This marginal accuracy gap reflects 

ViTPose’s advantage in global context modeling through its Vision Transformer backbone 

with multi-head self-attention, which slightly improves fine-grained key point localiza-

tion for slender ducts. However, this higher precision comes at a considerable cost: ViT-

Pose requires 76.3 M parameters and 113.8 GFLOPs, achieving only 27.7 FPS on the same 

hardware. By contrast, SC-YOLOv11 contains merely 4.34 M parameters and 8.1 GFLOPs, 

and runs at 101.6 FPS—over 3.7 times faster than ViTPose while maintaining nearly iden-

tical detection quality. 

In summary, for the pose estimation task of slender objects such as corrugated duct 

key points, the proposed SC-YOLOv11 not only surpasses most existing models but also 

achieves a well-balanced trade-off between detection accuracy and inference speed. It ex-

hibits clear advantages in instance integrity and real-time performance, particularly in 

complex industrial scenarios. 

4.3. Evaluation of Corrugated Duct Fitting Performance 

After performing pose estimation on the corrugated ducts in the images using the 

SC-YOLOv11 model and extracting their key points, the RANSAC algorithm was applied 

to fit the detected feature points. The resulting fitting curves are shown in Figure 7, where 

Figure 7a corresponds to the top-down view and Figure 7b to the front orthographic view. 

The results demonstrate that the fitted curves closely follow the actual 2D trajectories of 

the corrugated ducts in the rectified images. 
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RANSAC Least Squares 

(a) 

  
RANSAC Least Squares 

(b) 

Figure 7. Visual comparison of curve fitting results: (a) Overhead. (b) Front view. 

To further evaluate the fitting performance, the least squares method was also ap-

plied to the same set of corrugated duct key points for comparison with the RANSAC 

results. The coefficient of determination R2 was used as the evaluation metric, and the 

comparison results are presented in Table 4. Since the RANSAC algorithm relies on ran-

dom sampling, it may produce slightly different results in each run. Therefore, multiple 

fitting trials were conducted, and the average R2 value was calculated to ensure stability 

and reliability of the evaluation. 

Table 4. Comprehensive comparison of fitting performance across different methods. 

  R2 RMSE (mm) MAE (mm) 

Overhead 

LSM 94.21% 7.3 5.7 

RANSAC 96.83% 4.8 4.0 

Huber 95.29% 6.5 5.8 

Theil-Sen 89.46% 9.6 8.4 

Front view 

LSM 92.34% 6.9 5.6 

RANSAC 94.03% 5.3 4.2 

Huber 93.34% 7.8 6.1 

Theil-Sen 73.08% 17.8 14.8 

As shown in Table 4, RANSAC yields the highest R2 and lowest RMSE/MAE among 

all methods. Huber still incorporates all points and remains biased by the gross outliers 

common under dense occlusion. Theil–Sen, designed for linear models, cannot suit the 

cubic polynomial required for duct trajectories (R2 only 0.8946 and 0.7308). Ordinary least 

squares is, as expected, the most severely affected. RANSAC explicitly rejects such erro-

neous key points through its consensus mechanism, producing a clean inlier set. Given 

that outlier rates can exceed 30% in our construction scene, this hard rejection is critical 

for physically reliable trajectory reconstruction. This advantage is further amplified by the 
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complex construction environment: low feature contrast and severe occlusion make pre-

cisely identifying the duct axis difficult in both automated detection and manual annota-

tion, which inevitably introduces outliers that other methods fail to fully suppress. 

In scenarios containing noticeable outliers and annotation noise, the RANSAC algo-

rithm effectively eliminates abnormal points through its random sampling consensus 

mechanism and estimates the model using only high-quality inlier sets. This approach 

significantly improves the accuracy and robustness of the fitted curves. In contrast, the 

traditional least squares method assigns equal weight to all data points and is highly sus-

ceptible to being skewed by outliers, causing the fitted curve to deviate from the true axis 

of the corrugated duct. Therefore, the strategy combining RANSAC with least squares 

demonstrates stronger adaptability and stability in real complex engineering environ-

ments, making it more suitable for corrugated duct pose estimation tasks. 

4.4. Analysis of Prestressed Box Girder Stitching Results 

In this study, to acquire high-quality image datasets of corrugated ducts, a UAV was 

employed to perform segmented aerial photography of the precast box girders. This approach 

effectively overcomes the limited field of view of a single shot, reduces lens distortion caused 

by long-distance imaging, and facilitates independent curve fitting of corrugated ducts on 

each segmented image by subsequent models. After completing curve fitting on all segmented 

images, the multiple local images are precisely stitched together in the order of capture to re-

construct the complete corrugated duct layout across the entire span of the box girder. 

To eliminate perspective differences introduced by segmented shooting, this paper 

proposes a global perspective correction strategy based on a single reference image. First, 

the transformation matrices for stitching all segmented images are computed. Then, one 

segmented image is selected as the reference image. The four corner points of the rebar 

framework are detected using the model, and the perspective transformation matrix for 

this reference image is calculated. Subsequently, all segmented images are corrected using 

the same perspective transformation matrix, achieving batch perspective correction of all 

corrugated duct regions. 

To provide objective and repeatable metrics beyond visual inspection, we further 

quantified the stitching and rectification quality using the following indicators: re-projec-

tion error, stitching error (SSIM), accumulated drift and measurement uncertainty. Table 

5 summarizes the results for the overhead and front-view configurations. 

Table 5. Quantitative evaluation of image stitching and perspective rectification. 

 Re-Projection Error (px) Stitching Error Accumulated Drift (px) 

Overhead 0.93 0.986 1.21 

Front view 0.87 0.992 0.92 

The re-projection error was computed as the root-mean-square (RMS) distance be-

tween the matched SIFT inliers after homography estimation. Values below 1 px confirm 

that the estimated geometric transformations are highly accurate. SSIM was evaluated in-

side the overlapping regions of stitched image pairs, and the results (all above 0.98) indi-

cate that the structure and texture of the corrugated ducts are preserved without percep-

tible distortion. Accumulated drift was assessed by re-projecting the first frame of a multi-

image sequence through the concatenated homographies and measuring the loop-closure 

error; the sub-2 px drift demonstrates the stability of the SIFT-based stitching chain. Fi-

nally, measurement uncertainty was derived by comparing the deviation values obtained 

from our rectified orthographic images with the independent on-site inspector records. 

The mean absolute error (MAE) between the two sets of measurements is less than 6 mm, 

well within the ±10 mm tolerance specified in JTG/T 3650-2020 [40]. These quantitative 
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metrics collectively demonstrate that the proposed stitching and rectification pipeline not 

only produces visually coherent panoramas but also satisfies the geometric accuracy re-

quired for reliable quality assessment of prestressed duct layout. 

The experimental results are shown in Figures 8 and 9. Figure 8 presents the direct 

stitching result without perspective correction. The segmented images are accurately 

aligned in sequence, and the fitted curves closely follow the actual laying paths. Figure 9 

shows the corrected result after applying perspective transformation, where the fitted 

curves are transformed into a front orthographic view. The corrected complete centerlines 

can be further compared with the theoretical laying paths in the design drawings to quan-

tify spatial deviations. This provides a reliable basis for evaluating the positional accuracy 

of prestressed corrugated ducts. The proposed method is simple to implement, highly 

robust, and demonstrates considerable engineering application value. 

 
(a) 

 
(b) 

Figure 8. Image Stitching Result: (a) Overhead. (b) Front view. 

 
(a) 

 
(b) 

Figure 9. Perspective Correction Result: (a) Overhead. (b) Front view. 
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4.5. Comparison of Fitting Results with Design Drawings 

After fitting the corrugated duct curves, the results were compared with the data 

from the design drawings. According to the “Technical Specification for Construction of 

Highway Bridges and Culverts” (JTG/T 3650-2020), the allowable positional deviation for 

prestressed ducts is ±10 mm. Therefore, if the vertical deviation between the fitted curve 

and the design curve exceeds this threshold, the location is flagged and reported to the 

supervisor. In this study, the position of each captured image relative to the box girder 

was determined according to the UAV’s shooting distance, allowing the corresponding 

corrugated ducts to be compared with the design drawings. As noted in Section 3, the 

lowest of the five physical ducts in the side-view cross-section is totally blocked by rein-

forcement and is not visible in the images; thus, only the four annotated ducts are ana-

lysed. All four fitted curves are shown in Figure 10b. 

 
(a) 

 
(b) 

Figure 10. Drawing Comparison Effect Diagram: (a) Overhead. (b) Front view. 

As shown in Figure 10, significant deviations between the fitted curves and the de-

sign curves are observed within the blue rectangular regions in both figures. The red 

curves represent the fitted laying paths of the corrugated ducts, while the black curves 

indicate the designed paths. In Figure 10a, a notable deviation exists within the blue-

boxed region, with a maximum vertical deviation of 11.53 cm. Similarly, in Figure 10b, a 

significant deviation is also present in the blue-boxed region, with a maximum vertical 

height difference of 7.62 cm. These results demonstrate that the proposed method can ef-

fectively detect the laying quality of corrugated ducts. It provides clear and intuitive feed-

back on potential laying quality issues during actual construction and enables supervisors 

to identify problems more directly. Cross-validation with on-site inspector records con-

firmed that the measured deviations agree with actual laying errors. It should be noted 

that the reported deviations are two-dimensional distances measured in the rectified im-

age plane, which reasonably represent the actual laying errors given that the design draw-

ings also adopt planar projections. 

To quantitatively evaluate the method, independent on-site measurements were per-

formed by an inspector using a calibrated steel tape. Given the confined workspace and 

dense reinforcement inside the box girder, the steel tape provided a practical and efficient 

means of direct measurement, with sufficient accuracy for centimeter-level deviation as-

sessment. The reference coordinate system was defined with the origin at the lower-left 

corner of the box girder, the X-axis along the span direction, and the Y-axis vertically up-

ward. Across all matched measurement locations, over 92% of the points agree with the 

inspector’s records within ±10 mm. 
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Due to the large volume of data, the duct curves in Figure 9 are taken as a detailed 

illustrative example. All 42 sampling points on the corrected duct curves obtained from 

the two views in Figure 9 were individually compared with the inspector’s steel-tape read-

ings. The results are presented in Table 6. For each sampling point, the listed vertical dis-

tance was measured from the bottom reinforcement bar visible in the image upward to 

the duct centerline, in accordance with the on-site steel-tape measurement procedure. The 

corrugated ducts are numbered from bottom to top: Duct 1 is the lowest visible duct, Duct 

2 the next, and so on. Notably, the two locations with the largest inspector-recorded devi-

ations—11.3 cm and 7.4 cm—did not fall exactly on our sampling points. By linearly in-

terpolating the deviations of the adjacent sampling points on either side, we obtained im-

age-based estimates at these locations that agree closely with the inspector’s records, 

thereby completing the cross-validation. Meanwhile, the maximum deviations directly 

measured on the sampling points by our method were 11.53 cm and 7.62 cm (see Table 6), 

highlighting the method’s capability to capture substantial deviations. 

Table 6. Comparison of deviation measurements (cm). 

Point ID View Steel Tape Proposed Difference Point ID View Steel Tape  Proposed  Difference 

O1 Overhead 24.4 24.0 0.4 O2 Overhead 70.2 68.6 1.6 

O1 Overhead 24.1 24.2 −0.1 O2 Overhead 67.5 68.0 −0.5 

O1 Overhead 22.2 23.0 −0.9 O2 Overhead 67.0 67.8 −0.8 

O1 Overhead 21.7 22.8 −1.0 O2 Overhead 69.5 70.2 −0.7 

O1 Overhead 23.0 22.8 0.2 O2 Overhead 70.8 71.4 −0.6 

O1 Overhead 19.1 18.9 0.2 O2 Overhead 71.5 72.2 −0.7 

O1 Overhead 19.5 19.4 0.1 O2 Overhead 69.5 69.9 −0.4 

F1 Front 43.4 41.8 1.6 F2 Front 69.1 68.4 0.7 

F1 Front 31.3 30.6 0.7 F2 Front 56.6 55.9 0.7 

F1 Front 19.9 19.5 0.4 F2 Front 43.7 42.9 0.8 

F1 Front 15.0 14.2 0.8 F2 Front 33.6 34.3 −0.7 

F1 Front 10.9 10.2 0.7 F2 Front 23.8 23.1 0.7 

F1 Front 10.7 10.2 0.5 F2 Front 22.9 21.8 1.1 

F1 Front 10.5 10.2 0.3 F2 Front 22.5 21.6 0.9 

F3 Front 94.3 93.5 0.8 F4 Front 119.3 118.2 1.1 

F3 Front 81.4 80.9 0.5 F4 Front 105.7 105.4 0.3 

F3 Front 68.2 67.1 1.1 F4 Front 92.8 93.1 −0.3 

F3 Front 57.8 58.3 −0.5 F4 Front 80.1 80.8 −0.7 

F3 Front 42.1 42.8 −0.7 F4 Front 65.7 65.6 0.1 

F3 Front 36.3 35.9 0.4 F4 Front 56.5 56.9 −0.4 

F3 Front 33.4 32.9 0.5 F4 Front 48.8 49.0 −0.2 

5. Conclusions and Future Work 

This paper presents an automated detection and quality assessment method for pre-

stressed corrugated ducts in precast box girders, based on the SC-YOLOv11 model inte-

grated with robust curve fitting and multi-image stitching. The proposed approach effec-

tively improves both the efficiency and accuracy of corrugated duct laying quality inspec-

tion during the prefabrication process. The method first employs the SC-YOLOv11 model 

to estimate the pose of corrugated ducts and extract their key points. RANSAC algorithm 

is then applied to fit curves using the detected key points, thereby determining the precise 

2D positions of the ducts. Finally, all fitted curves from segmented images are stitched 

together based on the image stitching matrix, and perspective transformation is per-

formed to correct the stitched results into a front orthographic view of the entire precast 

box girder. 
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(1) To address the challenges posed by dense reinforcement and severe occlusion of slen-

der corrugated ducts inside precast box girders, this study incorporates the SE chan-

nel attention mechanism into the YOLOv11 backbone and upgrades the original SPPF 

module to the more effective SPPFCSPC module, resulting in the proposed SC-

YOLOv11 detection model. Ablation experiments demonstrate that the synergistic 

effect of these two improvements increases Precision by 1.7%, Recall by 1.3%, mAP50 

by 2.6%, and mAP50–95 by 1.2%. These enhancements significantly improve the 

model’s robustness and localization accuracy for detecting slender targets in complex 

and heavily occluded environments. 

(2) The proposed method accurately locates the vertices of the box girder framework 

and the key points of corrugated ducts. By combining SC-YOLOv11 predictions with 

RANSAC-based curve fitting, it enables precise reconstruction of the local 2D geo-

metric morphology of the ducts. Through perspective transformation and the SIFT 

algorithm, the actual laying positions of the corrugated ducts across the entire girder 

can be rapidly determined, achieving fully automated quality assessment during the 

construction phase. Compared with traditional manual measurement, the method 

substantially enhances detection efficiency and traceability. It can automatically iden-

tify potential quality issues, reduce waiting time between construction procedures, 

and lower the risk of later reinforcement or structural scrapping, demonstrating con-

siderable engineering application value and broad promotion potential. 

(3) Due to the complex internal environment of precast box girders, where corrugated 

ducts often exhibit low saliency and are frequently occluded by dense reinforcement, 

the SC-YOLOv11 model still shows certain limitations in pose recognition, particu-

larly in key point localization accuracy. Future work may focus on further optimizing 

the model architecture or adopting more advanced detection frameworks to improve 

recognition performance in highly challenging scenes. 

In summary, the method proposed in this paper realizes an end-to-end automated 

analysis pipeline for corrugated duct laying quality—from key point detection and robust 

curve fitting to image stitching and deviation quantification. It provides an efficient, prac-

tical, and intelligent technical solution for real-time monitoring, early warning, and dy-

namic quality control of prestressed corrugated ducts during the construction stage, sig-

nificantly improving the efficiency and reliability compared with conventional manual 

inspection methods. 
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