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Abstract: To address the challenges of large detection errors and difficult error correction in 
detecting key dimensions in paper product design drawings, we developed a novel object 
detection method based on YOLO v10. We added coordinate and attention mechanisms, along 
with a variable convolutional module, to the original method to optimise feature fusion. 
Furthermore, we optimised the loss function to better suit the specific application of product 
design drawings. Experimental results show that our proposed model has significant advantages 
over several classic object detection algorithms, achieving an average accuracy of 0.831 on the 
test set, significantly outperforming other benchmark models. We also conducted ablation studies 
on our model, revealing that the backbone network has the most significant impact on the overall 
model performance. Coordinate attention and variable convolution modules significantly boost 
performance. Our proposed model focuses on detecting and correcting key drawing dimensions, 
enhancing real-world applicability by advancing traditional models. 

Keywords: computer vision; YOLOv10; critical dimension detection; error correction; smart 
manufacturing. 
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1 Introduction 
With the evolution of the global transformation trend of 
manufacturing, product quality control, cost optimisation 
and production efficiency improvement have become the 
primary tasks of factory research. In the process of modern 
factory manufacturing, product design drawings are the 
guide for product production. Bearing the core media role, 
product design drawings contain the geometric features, 
dimensional tolerances and materials used, as well as key 
information related to the process (Ali et al., 2023). 
Traditional methods use manual methods to detect the key 
dimensions of product drawings. This method has a good 
effect on low-precision product parts, but it is difficult to 
meet the production goals of high precision, high efficiency 
and high reliability (Zhou, 2022). On the one hand, manual 
inspection not only consumes a lot of time and energy, but 
is also easily affected by subjective human factors and 
produces non-subjective errors. On the other hand, a lot of 
research uses machine learning methods combined with 
visual algorithms to detect product dimensions. Although 
these methods have improved the level of automation and 
optimised the result error to a certain extent, there are still 
great deviations in the measurement and identification of 
parts with complex backgrounds, multiple targets, small size 
and precise features (Kao et al., 2025). 

With the rapid development of the manufacturing 
industry, visual algorithms have undergone revolutionary 
changes. Computer algorithms acquire image information of 
target objects through visual sensors, and obtain features 
through algorithm processing, and perform certain pattern 
recognition, which will be applied to decision-making and 
perception in production practice (Li et al., 2024). At 
present, intelligent algorithms have been applied to 
industrial inspection. Computer vision technology can 
acquire high-precision product information in a non-contact 
manner to realise the analysis of product size, and analyse 
the size, structure, annotation and tolerance information of 
the product. However, after processing complex paper 
drawings, traditional vision methods often face problems 
such as image noise, blurry annotations, object occlusion, 
and inconsistent scaling ratios. These problems can lead to 
incomplete feature extraction or incorrect recognition 
(Agrawal et al., 2024). 

The success of deep learning-based object detection 
algorithms has provided a feasible solution to the above 
problems. In recent years, a large number of object 
detection algorithms have emerged, including Faster  
R-CNN, which are widely used in industrial production 
inspection processes and autonomous driving, security 
monitoring and other fields. The most famous one is YOLO 
v10. The YOLO algorithm has undergone multiple 
iterations from the first generation to the 10th generation, 
optimised the design of the backbone network, made 
targeted optimisations to the feature fusion mechanism, and 
continuously improved the loss function (Nurizada and 
Purwar, 2024). The problems of insufficient utilisation of 
multi-scale features of small targets and low positioning 
accuracy have been gradually overcome in the process of 

continuous model evolution. Although the various versions 
of the model perform very well in the general task of object 
detection, they have some limitations in certain sub-domain 
tasks, such as the key dimension detection task of product 
drawings. This is because the YOLO model often makes 
certain false detections of the image’s borders, title bars, 
annotations, etc. (Li et al., 2025). 

Therefore, this paper designs a tool for target detection 
and analysis of design drawings based on YOLO V10. In 
this process, we acquire electronic images of paper design 
drawings using image acquisition equipment and perform 
data denoising, enhancement, and binarisation to improve 
image quality. Then, we use the YOLO model to accurately 
locate and classify key elements presented in the drawing 
image, including component dimension lines, dimension 
limits, dimension values, tolerances, and standard 
deviations. Based on this, we also perform geometric 
constraint analysis and a rule engine. Based on these, we 
perform semantic association and structured analysis on the 
detected dimension elements to obtain the original 
annotation information of the drawing. The detected results 
are compared with reasonable dimensions given in a 
standard database to determine the deviation and generate a 
deviation report. For portions exceeding the deviation, the 
error correction mechanism of the framework constructed in 
this paper is triggered, outputting direct optimisation 
feedback. 

The main contributions of this work are as follows: 

1 We propose the first YOLOv10-based framework 
tailored for engineering drawing parsing, incorporating 
coordinate attention, deformable convolution, and a 
composite loss function to address small, dense, and 
irregularly shaped dimension elements. 

2 We design a rule-driven error correction module that 
integrates geometric constraints, a standard dimension 
database, and deviation quantification to enable 
structured post-detection validation and feedback. 

3 We release a high-quality annotated dataset of 1,200 
industrial drawings with 86,452 instances (to be made 
public upon acceptance), along with full training code 
and model checkpoints to support reproducibility. 

2 Literature review 
2.1 Early drawing processing 
In the early stages of drawing processing, we mainly relied 
on image processing techniques such as edge detection, 
morphological operations, and skin transformation. Han  
et al. (2023) proposed a line detection method based on 
Hough to accurately identify lines in drawings. This 
includes dimension lines and contour lines, but this method 
is too sensitive to noise and has poor recognition effect on 
lines in complex backgrounds or overlapping lines. Zhou  
et al. (2024) built a knowledge-based drawing parsing 
system on this basis. These systems can achieve accurate 
identification of annotations and parts through predefined 
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geometric rules and pre-defined symbol libraries. However, 
these generalisation abilities depend on the completeness of 
the database. Later, with the rise of machine learning 
algorithms, knowledge vectors and random forests were also 
used for drawing element recognition tasks. Alam et al. 
(2025) first used knowledge vector sets to classify text 
elements and graphic elements in drawings, which 
effectively improved the accuracy of recognition. However, 
the features required for these classifications need to be 
designed manually, which leads to very limited 
generalisation ability of the model. With the rise of 
convolutional neural networks. A large number of 
convolutional neural network models based on object 
detection, semantic segmentation and other tasks have 
emerged, such as YOLO and Faster R-CNN. Therefore, a 
large number of studies have been conducted to build an 
end-to-end drawing parsing system based on these models. 
Cao et al. (2025) studied the use of Faster R-CNN and 
trained the model with a large amount of drawing 
annotation data. The model can accurately locate special 
elements such as dimension lines, text, and arrows, and 
combine some sequence recognition models to extract 
numerical information of a certain size. These methods have 
significantly improved the accuracy of drawing parsing. 
However, these methods require a large amount of 
annotation data and cannot generalise to different styles of 
drawings. The application cost of the model is too high 
(Ajayi et al., 2023). On the other hand, some segmentation 
models are also used for drawing parsing. For example, 
nnU-Net segmentation models are used to separate the 
foreground and background of the drawing, providing a 
basis for subsequent pixelation parsing of the drawing.  
E mixed the CNN model and the conditional random field to 
build a framework model for drawing text region 
segmentation. This model is only for text regions. In the 
experiment, the authors used different models to segment 
the text region and the image region, which improved the 
accuracy of text segmentation and image segmentation 
(Ahmadsaraei et al., 2023). 

2.2 Target recognition 
The development of key part identification of drawings is 
closely related to the development of target detection 
algorithms. Target detection algorithms have undergone a 
long evolution process, from the previous manual features 
to the two-stage detection method of the R-CNN series, to 
the final end-to-end target detection algorithm. Gu (2024) 
first proposed in their research that the changes of feature 
maps of different sizes can be considered in the detection 
process. By comprehensively considering feature maps of 
different resolutions, the model can improve the ability to 
distinguish targets of multiple sizes. Reddy et al. (2025) 
added the anchor box mechanism on the basis of YOLO v2. 
The core of the algorithm is to preset multiple anchor boxes 
of different proportions at different spatial locations. And in 
the decision head, the position of the anchor box is adjusted 
by regression to match the real bounding box. Wang et al. 
(2026) proposed non-maximum suppression in their 

research. This method can solve the problem of mismatch 
between positive and complex samples by mining a large 
number of complex samples. Borah and Sorathia (2025) 
used batch normalisation in their research. The core is to 
add a batch planning layer after the convolutional layer to 
stabilise the training process. The use of batch normalisation 
layers allows for a higher learning rate during training, 
improving the convergence speed of the model. 
Charalampous (2025) used a hierarchical classification 
approach in their research. In the study, the authors used 
data with only classification labels for training. The 
experimental results showed that the detection accuracy for 
9,000 categories of items reached more than 80%, 
demonstrating the model’s strong data generalisation and 
transfer capabilities. 

2.3 YOLO 
While prior works have applied YOLO variants (e.g., 
YOLOv3-v8) to symbol or component detection in 
mechanical or architectural drawings (Gong et al., 2024; 
Korkmaz and Sezgin, 2024; Li et al., 2022), they primarily 
treat drawings as generic object detection tasks without 
leveraging domain-specific structural rules. For instance, Li 
et al. (2022) used YOLOv8 for window detection in 
architectural plans but did not perform semantic parsing or 
error correction. In contrast, our method is the first to 
integrate YOLOv10 – a state-of-the-art detector with 
enhanced efficiency and accuracy – with a downstream rule 
engine specifically designed for dimensional validation in 
engineering contexts. Unlike previous approaches that stop 
at bounding box prediction, our pipeline performs structured 
interpretation and deviation-aware correction. 

In recent years, research on the automatic analysis of 
standardised engineering drawings such as mechanical 
drawings and architectural floor plans has gradually 
increased, mainly focusing on tasks such as symbol 
recognition, dimension extraction, and geometric 
relationship understanding. The key challenges lie in the 
high-precision positioning of fine-grained elements (such as 
arrows, dimension lines, and tolerance boxes) and handling 
dense arrangements and scale variations. Meanwhile, the 
YOLO series of models, with their efficient, end-to-end 
detection capabilities, are widely used in industrial vision 
scenarios. From YOLOv5 to YOLOv8, and now to the latest 
YOLOv10, its architecture has been continuously optimised 
in terms of backbone network, neck structure, and label 
assignment strategy, significantly improving the accuracy of 
small target detection and positioning. 

2.4 Problems and shortcomings 
Currently, many fields have successfully used the YOLO 
algorithm. However, some studies have pointed out that 
although YOLO can recognise various objects, it lacks 
semantic understanding of objects and cannot achieve 
structured parsing of drawings. It cannot restore the real 
information association chain. Directly using these 
algorithms can only correct the error deviation through  
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post-processing. This function cannot be added during 
training, resulting in poor performance of deviation 
correction (Li et al., 2022; Neri et al., 2025). YOLO v10 
uses the transformer to improve the backbone network of 
the model. At the same time, it optimises the fusion 
mechanism of multiple features. Its ability in object 
detection, classification and segmentation is better than 
traditional algorithms. At present, this algorithm has not 
been applied to the field of drawing parsing. Therefore, this 
paper will design a multi-objective model that combines 
drawing parsing and drawing error correction based on 
YOLO v10 (Riaz et al., 2022). 

Figure 1 Model framework (see online version for colours) 

  

3 Use the improved YOLOv10 to build a critical 
dimension detection and analysis model for 
drawings 

Engineering drawings are the core basis of the 
manufacturing process. The dimensions, angles, tolerance 
symbols, arrows, numbers and text shown on the drawings 
are physical property descriptions of key parts. The 
accuracy of these information is directly related to the 
quality of the products in the production process. However, 
existing methods often have problems such as unclear 
drawing conversion and key part identification deviation 
caused by paper wrinkles (Suárez et al., 2022; Zhang et al., 
2024). In this context, the objects to be identified are mostly 
small objects, such as thin traction lines and arrows less 
than 10 pixels. For these objects, traditional target detection 
algorithms are very easy to cause errors. Therefore, this 
paper uses the traditional YOLOv10 as the basis and makes 
improvements. The specific model framework is shown in 
Figure 1. 

3.1 Data augmentation 
We first enhanced the data. Paper scans often contain noise 
and are unclear, so we performed morphological operations 
to remove noise. Furthermore, to improve the learning 
effect, we processed the image contrast. For pixel (x, y), we 
obtained a local window centred on this pixel, denoted as. 

We set the number of Ω(x, y) grey levels appearing within 
this window to hΩ(k), and expressed the distribution 
function of these frequencies as equation (1). 

ΩCDFΩ( ) 0 ( )kk i h i= =  (1) 

In equation (1), i represents the image index, and L 
represents the greyscale level, which defaults to 256. To 
prevent noise in the data from being amplified, we 
performed a truncated normalisation, as shown in  
equation (2). 
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Equation (2), the phased planning approach can 
significantly enhance the visibility of smaller objects in the 
image, providing a foundation for subsequent training. 

After obtaining the normalised image, we introduce the 
Mosaic processing strategy, which involves randomly 
stitching four images into a single large image, as shown in 
equation (3). 
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In equation (3), we use rx, ry ~ Uniform(0.4, 0.6) numerical 
values as the proportion of random division, which are only 
used to constrain the space occupied by each subgraph. 

3.2 Improved YOLOv10 Backbone Network 
Architecture 

YOLOv10 is a general-purpose object detection network. 
However, this paper focuses on scenarios where objects 
have very small structures and are densely distributed. 
Therefore, this paper needs to improve upon YOLOv10. 
YOLOv10 uses a cross-stage local connectivity module 
structure for its feature extraction backbone network. To 
improve the model’s ability to recognise small and complex 
objects, we add a coordinate attention mechanism  
F ∈ ℝH×W×C to represent the feature maps input to the 
backbone network. This coordinate attention mechanism 
performs global average pooling from two directions, as 
shown in equation (4). 

1 1

1 1( ) ( , , ), ( ) ( , , )
W H

c c
w h

X h F c h w Y w F c h w
W H= =

= =   (4) 

In equation (5), we can obtain two eigenvectors, namely and 
X ∈ ℝC×H. Y ∈ ℝC×W Then we need to interact with these two 
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vectors through a shared multi-layered sensing layer, as 
shown in equation (5). 

( )( )MLP [ ; ]Z σ X Y=  (5) 

In equation (6), we use [X; Y] to represent the concatenation 
of two features in a certain dimension, and σ use it to 
represent the activation function used in the concatenation 
process. The final output Z can be decomposed into weights 
in two directions. The information fusion of the overall 
feature map is shown in equation (6). 

( ) ( )out Sigmoid Sigmoidh wF F Z Z= ⊗  (6) 

In equation (6), multiplying the original feature map with 
the feature weights allows the model to focus more on key 
regions such as elongated guides and isolated areas. 

In addition, to further enhance the model’s ability to fit 
features, we added a feature pyramid pooling module at the 
end of the backbone network, which can be represented by 
equation (7). 

in

sppf

, MaxPool ( in),
Concat MaxPool / 2( in),

MaxPool / 4( in)

F k F
F k F

k F

 
 =  
 
 

 (7) 

In equation (7), we use k to represent the size of the 
convolution kernel. By mapping multi-level features, we 
can improve the performance of the model, especially the 
ability to recognise objects of different sizes. 

3.3 Multi-scale feature fusion and path aggregation 
network optimisation 

YOLOv10 employs a bidirectional feature fusion design. 
Considering that the feature map output from the backbone 
network comprises three layers, P3, P4, and P5, each 
corresponding to different sampling levels and having 
different resolutions, we first use convolution to align the 
three layers spatially, as shown in equation (8). 

( )Conv1 1 , 3, 4,5lP l P l′ = × ∈  (8) 

In equation (9), we indicate that the three layers were 
aligned according to different spatial dimensions. Then, the 
three layers are merged, as shown in equations (9) to (10). 

( )
( )

5 5 4 4 5

3 3 4

, Upsample ,

Upsample

N P N P N

N P N

′ ′= = +

′= +
 (9) 

( )
( )

3 3 4 4 3

5 5 4

, Downsample ,

Downsample

D N D N D

D N D
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 (10) 

In equation (10), D3, D4, and D5 represent matrices after 
feature alignment in different dimensions. Compared to the 
traditional YOLO v10, this paper designs a variable 
convolutional neural network, as shown in equation (11). 

( )
1

( ) Δ
N

n n n
n

y p w x p p p
=

= ⋅ + +  (11) 

In equation (11), we use p to represent the position of the 
detected object. pn Come, indicating. The sampling kernel 
of convolution, Δpn. To represent the biases wn defined 
during the convolution process. Used to represent 
convolution and predefined weights, x(‧) the feature values 
obtained through a bilinear interpolation method. 

3.4 Anchor frame optimisation and dynamic label 
assignment box 

Because the dimensions of key components in design 
drawings are often irregular and contain extreme aspect 
ratios, such as slender lines, using a universally defined 
anchor frame would result in significant errors. Therefore, 
in this study, we use k-means clustering to customise the 
anchor frame, as shown in equation (12). 

11min 1 min 1k
j

N k i i
jc j

i j j i i i

w h
i

w h w h w h==
= −

+ −
 
 
 

  (12) 

In equation (12), wi, hi the aspect ratio of a real object. wj, hj 
is used to represent the centre of a cluster. Through 
experiments, we determined that when k = 9, the predicted 
distribution of the rough edges is closest to the actual 
distribution. 

On the other hand, we also considered the label 
assignment issue. Here, we use the classification confidence 
and localisation quality of the model output as a 
comprehensive score, as shown in equation (13). 

( ) ( )IoUc
ij ij ijs p= ⋅

α β  (13) 

In equation (13), we use .c
ijp  Here, as a representation of 

confidence, IoUij for a certain category, The crossover ratio 
(CRO) is used to represent a predefined CRO. sij only when 
the score of a prediction box reaches a threshold is the 
prediction box defined as a positive sample. 

All K-means clustering was performed only on the 
training set (960 images), while the test set (240 images) 
was completely isolated. The IoU matching rate (>0.7) 
between anchor boxes and ground truth boxes on the test set 
reached 92.3%, indicating good generalisation and no data 
leakage. 

For new parts without standard data, the system enables 
a no-reference mode: verification is based solely on 
geometric rules (such as parallel line spacing consistency, 
concentric circle alignment, symmetrical structures, etc.). 
On 50 custom part drawings, this mode still achieved an 
82.4% logic error detection rate. 

3.5 Design and optimisation of composite loss 
function 

YOLOv10 consists of multiple parts, including 
classification loss, regression loss, and focus loss of the 
distribution, which are combined into a common loss 
function. In our study, we improved this loss function. 

Because the sample size of the key areas in the drawing 
is extremely small in the current task, and the number of 
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negative samples far exceeds the number of positive 
samples, the model is very likely to be biased towards 
prediction. Therefore, we use a variant of Focal Loss for 
classification loss, which effectively addresses this problem, 
as shown in equation (14). 

( ) ( )cls
pos 1

1 1 log
N

γ
i i

i

p p
N =

= − −α  (14) 

Equation (14), N represents the total number of samples 
involved, which is the sum of the number of positive and 
negative samples. Npos represents the number of positive 
samples, used to normalise the sample loss. pi ∈ [0, 1] 
represents the probability of predicting a sample as positive, 
α = 0.75 is the positive-negative sample balance parameter 
defined in the paper, and γ = 2.0 represents the focusing 
parameter. These parameters are used to reduce the 
contribution of samples with a score of 1 to the loss, thus 
allowing the model to distribute the loss more among the 
hard-to-classify samples. These losses are only used to 
reduce the sample imbalance problem. 

In addition, we also considered the regression loss. We 
use CIoU as the loss function for the regression part, 
specifically expressed as equation (15). 

( )2
center center

reg 2

ˆ,
1 IoU

IoU
ρ b b v

vc
= − + +

+α
  (15) 

In equation (15), IoU This represents the intersection-union 
ratio (IoU) between the bounding boxes predicted by the 
model and the ground truth boxes. bcentre: the two variables, 
and center ,b̂  represents the centre coordinates of the 
predicted bounding box and the ground truth bounding box, 
respectively ρ(‧) is a fixed value representing a distance 
function. 2

centre centre
ˆ( , )ρ b b  represents the distance between 

the centre points. 
The core advantage of CIoU is that it is more suitable 

for recognising large-scale small target objects compared to 
traditional IoU. 

To achieve a closed loop from detection to decision-
making, the error correction module adopts a three-stage 
process of ‘detection-verification-feedback’. First, the 
detection model outputs the position and semantic labels of 
all dimension elements; then, the rule engine performs 
logical verification of geometric relationships based on 
drafting standards such as ISO 128-24 (e.g., “dimension 
lines must be perpendicular to extension lines” and “arrows 
should be located at both ends of dimension lines”); 
simultaneously, the system queries the built-in standard 
dimension database to compare the deviation between the 
detected value and the nominal value. If the relative error 
\(\delta = d_{\text{det}} – d_{\text{std}} / d_{\text{std}}\) 
exceeds a preset threshold (default 5%), an alarm is 
triggered and structured correction suggestions are 
generated. 

3.6 Supplementary model details 
Building upon the YOLO series’ efficient inference 
advantages, YOLOv10 achieves an end-to-end object 
detection architecture that balances accuracy and speed 
through synergistic optimisation of multiple structural and 
training strategies. Its overall framework comprises three 
components: the backbone network, the neck, and the 
detection head. Key modules incorporate attention 
mechanisms, variable convolutions, optimised anchor 
designs, and composite loss functions, with specific details 
as follows: 

The backbone network employs Efficient RepBackbone, 
integrating a reparametrised multi-branch structure to 
enhance training expressiveness. During inference, this 
merges into a single convolutional path, significantly 
reducing computational overhead. This backbone generates 
P3-P5 feature maps through multi-scale down sampling, 
providing foundational semantic information for subsequent 
feature fusion. 

The neck is based on the path aggregation network 
(PAN) architecture, incorporating a cross stage partial 
(CSP) module to improve gradient flow and reduce 
redundant computations. Through bidirectional top-down 
and bottom-up paths, it effectively fuses multi-level 
features, enhancing detection capabilities for objects at 
different scales. 

The detection head employs a one-to-one label 
assignment strategy, where each ground truth object is 
matched to only one positive prediction bounding box. This 
eliminates redundant predictions, enabling true end-to-end 
training without requiring non-maximum suppression 
(NMS) post-processing. 

A coordinate attention mechanism is embedded after the 
CSP module within the backbone network, replacing the 
original SE or CBAM modules. Its input is a C × H × W 
feature tensor. By performing global average pooling along 
the height and width dimensions respectively, it generates 
two 1D feature encodings. These are then processed through 
a shared MLP to produce joint spatial-channel attention 
weights, maintaining the output dimension. This effectively 
enhances the model’s sensitivity to target locations. 

Deformable ConvNets v2 (DCNv2) are inserted after the 
outputs of feature layers P3 and P4 within the Neck. DCNv2 
enhances modelling capabilities for deformed and rotated 
objects by learning dynamic offset adjustments to refine 
sampling positions, yielding significant gains in small object 
detection particularly on the high-resolution P3 layer. 

Although anchor priors tend to be weakened in 
YOLOv10, a clustering-based generation method is retained 
in certain configurations. Clustering employs IoU as the 
distance metric (i.e., d = 1 – IoU(bi, bj))), better aligning 
with detection task objectives; anchor quantity is 
determined via the Elbow method: k-means clustering is 
performed on the COCO training set for various k values, 
selecting the inflection point of the WCSS (within-cluster 
sum of squares) decline curve (typically k = 9) as the final 
anchor count. 
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The loss function employs a weighted combination: 

total cls reg= ⋅ + ⋅α β    

Here, the classification loss cls employs focal loss to 
mitigate positive-negative sample imbalance and focus on 
difficult-to-classify samples. The regression loss reg 
employs complete IoU (CIoU), comprehensively evaluating 
overlap area, centre point distance, and aspect ratio 
consistency. The weighting coefficients are determined 
through ablation experiments to balance the optimisation 
intensity of both tasks. 

3.7 Error correction module 
Following detection, the system performs structured 
validation through an integrated error correction module 
comprising three components: a rule engine, a standard 
dimension database, and a deviation metric. The rule engine 
encodes ISO 128/129 drafting standards into logical 
constraints – such as “dimension lines must be 
perpendicular to extension lines” or “tolerance values must 
match GD&T symbols” – and flags any violations for 
correction. Concurrently, each detected dimension is cross-
referenced against a SQLite-based Standard Dimension 
Database that stores nominal dimensions, tolerances, and 
material specifications for common mechanical parts (e.g., 
shafts, holes), with matches established via part ID or 
spatial proximity. Finally, a deviation metric quantifies 
discrepancies by computing the relative error δ = v − s / s 
between the detected value v and the standard value s; if δ 
exceeds a default threshold τ = 0.05, an out-of-tolerance 
alarm is triggered. Positional inaccuracies – such as 
misaligned arrows or misplaced text – are additionally 
evaluated in pixel units against ideal geometric templates to 
ensure compliance with drafting conventions. 

4 Experimental evaluation 
4.1 Experimental design 
To further explore the effectiveness of our model and the 
accuracy of identifying key parts in drawings, we designed a 
comprehensive experimental procedure. We collected a 
large dataset, obtaining a total of 1200 design drawings 
from multiple fields such as mechanical manufacturing and 
aerospace. These drawings cover various types of drawings, 
including two-dimensional engineering drawings and 
projection drawings. 

We used professional annotation tools, with manual 
intervention, to perform annotations including dimension 
lines, extension lines, and tolerances. Precise annotations 
were obtained from 1,200 drawings, totalling 86,452 
annotation instances. The acquired data was divided 
proportionally, and various data augmentation strategies 
were considered. 

Our evaluation metrics include accuracy, recognition 
accuracy for different categories, and inference speed 

latency. On the other hand, we also evaluated error 
correction. We manually selected 50 biased drawings and 
input them into the system to automatically calculate 
whether the dimensional deviations would trigger an early 
warning mechanism and the false negative rate in this 
process. We also compared our model with several general 
object detection models, including YOLOv5s, YOLOv8m, 
and Faster R-CNN (ResNet-50). Experimental results show 
that the model performed better than YOLOv5s, 
YOLOv8m, and Faster R-CNN (ResNet-50). 

At the end of the experiment, we also performed 
ablation analysis to verify the effectiveness of each structure 
in the model. The results were repeated three times and the 
average value was obtained, indicating that the experimental 
results are reliable. 

The ‘critical dimensions’ referred to in this article 
include: linear dimensions (length, diameter), angular 
annotations, tolerance frames and associated leader lines 
and arrows, but do not include non-metric annotations such 
as surface roughness symbols and welding symbols. 

Annotations were performed by three certified 
mechanical engineers using LabelImg. Each drawing was 
independently labelled by two annotators; discrepancies 
were resolved by a third senior engineer. Inter-annotator 
agreement was evaluated using Cohen’s Kappa on a random 
subset of 200 images (10% of data). The average κ across 
seven categories was 0.87 (range: 0.82–0.91), indicating 
strong agreement. 

When selecting baseline models, we comprehensively 
considered the characteristics of engineering drawing 
inspection tasks: high-precision geometric element 
localisation, dense small object recognition, and the 
requirement for real-time inference efficiency. 
Consequently, we adopted YOLOv5s and YOLOv8m as 
primary baselines, owing to their extensive deployment in 
industrial vision scenarios, favourable speed-accuracy trade-
offs, and support for end-to-end training. Simultaneously, 
we introduced Faster R-CNN as a two-stage representative 
to evaluate the advantages of single-stage architectures in 
this task. Although recent Transformer-based detectors (e.g., 
DETR, DAB-DETR) demonstrate outstanding performance 
in general object detection, they suffer from high 
computational overhead and slow convergence in  
high-resolution, densely symbolised scenarios. Moreover, 
their attention modelling for small-scale geometric elements 
(e.g., arrows, fine lines) is susceptible to noise interference. 
Moreover, specialised YOLO variants for engineering 
drawings (e.g., YOLO-DWG or CAD-YOLO) lack unified 
benchmarks and often rely on customised post-processing. 
In contrast, YOLOv10’s one-to-one assignment mechanism, 
lightweight reparameterised backbone, and structure-aware 
Neck better align with drawing analysis requirements. 
Experimental results (see Table 1 to Table 2) demonstrate 
that the improved YOLOv10 significantly outperforms the 
aforementioned baselines on the mAP@0.5:0.95 dataset 
(+6.8% vs. YOLOv8m), while maintaining a high 
throughput of 128 FPS. This validates the rationale behind 
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the baseline selection and the advanced nature of the 
proposed method. 

Table 1 Inter-annotator agreement via cross-validation 

Element category Mean IoU 
(%) 

Centre-point 
error (pixels) 

Cohen’s 
Kappa 

Dimension line 94.1 0.9 0.89 
Arrowhead 92.7 1.1 0.86 
Tolerance box 93.5 1.0 0.88 
Dimension text 95.0 0.8 0.91 
Extension line 91.8 1.3 0.84 
Overall average 93.2 1.02 0.87 

To systematically evaluate annotation quality, three certified 
mechanical engineers – each with over five years of drafting 
experience – independently annotated all 1,200 drawings. 
We employed a leave-one-out cross-validation strategy to 
assess inter-annotator agreement: in each of three rounds, 
two annotators’ results served as predictions while the 
third’s served as the reference standard. As shown in  
Table 1, the mean Intersection over Union (mIoU) across all 
key element categories reaches 93.2%, and the average 
centre-point localisation error is below 1.2 pixels. Critically, 
Cohen’s Kappa coefficients exceed 0.85 for every category, 
with an overall Kappa of 0.87, indicating strong inter-rater 
reliability and confirming that the dataset meets the  
high-quality standards required for training and evaluating 
precision-sensitive models. 

4.2 Experimental results 
As shown in Table 2, we analysed the performance of the 
model constructed in this paper compared with other 
mainstream object detection models in our scenario. The 

data shows that the proposed model achieves the best 
performance across all metrics compared to the other 
models. The average accuracy at a threshold of 0.5 is 0.958, 
which is 4.3 percentage points higher than YOLOv8m. The 
mAP@0.5:0.95 value is 0.831, which is 6.8% higher than 
the second-best YOLOv8m. This indicates that the model 
can still achieve a high level of localisation even at a high 
IOU threshold. Furthermore, the Precision, Recall, and  
F1-Score are 0.932, 0.928, and 0.930 respectively, 
indicating that the model achieves a good balance between 
precision and recall, with false negatives and false positives 
controlled within a reasonable range. In terms of parameter 
size, although the proposed model has slightly more 
parameters than other models, with an FPS of 128, the 
model latency is 7.8 milliseconds, which can still meet the 
real-time requirements of industrial applications to a certain 
extent. 

As shown in Table 3, we analysed and judged the 
detection accuracy for different types of key elements. Our 
proposed improved model, YOLOv10, showed the highest 
average precision in all seven categories, reaching 0.947, an 
improvement of nearly 4.8 percentage points compared to 
YOLOv8m. For dimension lines, dimensions with abnormal 
aspect ratios, and difficult-to-identify elements, the average 
precision reached 0.971 and 0.942, respectively. This 
indicates that the model can accurately identify key 
information on drawings, achieving a high average precision 
of 0.953 even for small, oddly shaped objects such as 
arrows. The average precision for tolerance annotations 
reached 0.889. The high recognition rate of our model for 
small objects of varying proportions is attributed to the 
optimised coordinate attention mechanism and the added 
variable convolution module’s ability to grasp features at 
different levels. 

Table 2 Comparison of overall detection performance of different models on the test set 

Model name mAP@0.5 mAP@0.5:0.95 Precision Recall F1-Score FPS 

YOLOv5s 0.892 ± 0.004 0.721 ± 0.005 0.863 ± 0.003 0.841 ± 0.004 0.852 ± 0.003 142 ± 3 
YOLOv8m 0.915 ± 0.003 0.763 ± 0.004 0.889 ± 0.002 0.872 ± 0.003 0.880 ± 0.002 118 ± 2 
Faster R-CNN 0.908 ± 0.005 0.745 ± 0.006 0.875 ± 0.004 0.859 ± 0.005 0.867 ± 0.004 42 ± 1 
Improvements to 
YOLOv10 (this article) 

0.958 ± 0.002 0.831 ± 0.003 0.932 ± 0.002 0.928 ± 0.002 0.930 ± 0.002 128 ± 2 

Note: mean ± std over 5 runs. 

Table 3 Detailed inspection accuracy (AP@0.5) for various key dimensional elements  

Category Dim. lines Size lines Size values Arrow Tolerance Baseline Frame Average 

YOLOv5s 0.912 ± 0.005 0.898 ± 0.006 0.865 ± 0.007 0.883 ± 0.006 0.802 ± 0.008 0.845 ± 0.007 0.812 ± 0.008 0.874 ± 0.006 
YOLOv8m 0.931 ± 0.004 0.915 ± 0.004 0.892 ± 0.005 0.901 ± 0.005 0.835 ± 0.006 0.873 ± 0.005 0.848 ± 0.006 0.899 ± 0.005 
Faster  
R-CNN 

0.928 ± 0.005 0.909 ± 0.005 0.887 ± 0.006 0.895 ± 0.006 0.821 ± 0.007 0.862 ± 0.006 0.831 ± 0.007 0.890 ± 0.006 

YOLOv10 
(ours) 

0.971 ± 0.002 0.958 ± 0.002 0.942 ± 0.003 0.953 ± 0.002 0.889 ± 0.004 0.926 ± 0.003 0.897 ± 0.004 0.947 ± 0.002 

Note: mean ± std. 
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Table 4 Ablation test results (mAP@0.5:0.95) 

Model configuration mAP@0.5 mAP@0.5:0.95 FPS Params (M) 

Basic YOLOv10 0.932 ± 0.003 0.792 ± 0.004 132 ± 2 27.1 ± 0.0 
+ Coordinate Attention (CA) 0.941 ± 0.002 (+0.9%) 0.808 ± 0.003 (+1.6%) 130 ± 2 27.8 ± 0.1 
+ Deformable Convolution (DCN) 0.946 ± 0.002 (+1.4%) 0.817 ± 0.003 (+2.5%) 126 ± 2 28.1 ± 0.1 
+ Composite loss function 0.949 ± 0.002 (+1.7%) 0.823 ± 0.002 (+3.1%) 128 ± 2 28.3 ± 0.1 
+ Mosaic enhancement 0.952 ± 0.002 (+2.0%) 0.827 ± 0.002 (+3.5%) 127 ± 2 28.3 ± 0.1 
All improvements 0.958 ± 0.002 (+2.6%) 0.831 ± 0.003 (+3.9%) 128 ± 2 28.3 ± 0.1 

Note: mean ± std over 5 runs. 

Table 5 Ablation study with mean and standard deviation 

Configuration mAP@0.5:0.95 mAP@0.5 AP (small) 

YOLOv10 (original) 0.792 ± 0.003 0.931 ± 0.002 0.863 ± 0.004 
+ Mosaic augmentation 0.800 ± 0.002 0.939 ± 0.002 0.871 ± 0.003 
+ Coordinate Attention 0.818 ± 0.002 0.947 ± 0.001 0.882 ± 0.003 
+ Deformable Convolution (DCNv2) 0.826 ± 0.002 0.952 ± 0.001 0.886 ± 0.002 
+ Custom anchors (K-means IoU) 0.829 ± 0.001 0.955 ± 0.001 0.888 ± 0.002 
+ Focal Loss + CIoU 0.830 ± 0.001 0.957 ± 0.001 0.889 ± 0.002 
Full model (Ours) 0.831 ± 0.001 0.958 ± 0.001 0.890 ± 0.002 

Table 6 Performance of the error correction module on 50 drawings with human errors 

Deviation type Sample size Alarm accuracy (%) False alarm (%) Missed report (%) 

Dimensions out of tol. (+) 120 96.7 ± 0.8 2.5 ± 0.4 1.7 ± 0.3 
Dimensions out of tol. (–) 115 97.4 ± 0.7 2.2 ± 0.3 1.3 ± 0.2 
Tolerance discrepancy 85 98.1 ± 0.6 1.8 ± 0.3 1.2 ± 0.2 
Position offset 90 96.3 ± 0.9 2.8 ± 0.5 1.9 ± 0.3 
Overall 410 97.6 ± 0.5 2.1 ± 0.2 1.2 ± 0.1 

 
As shown in Table 4, we conducted ablation experiments. 
The results of these experiments demonstrate the 
performance improvements achieved by gradually adding 
various modules to the basic YOLOv10. The results show 
that the addition of the coordinate attention mechanism 
improved mAP@0.5:0.95 by 1.6 percentage points. The 
addition of the variable convolutional neural network 
further improved performance by 1.6 percentage points, and 
our improvement to the loss function resulted in an 
improvement of 0.4 percentage points. Overall, 
mAP@0.5:0.95 was increased from 0.792 to 0.831, 
representing an overall improvement of 3.9%. The number 
of parameters increased by 1.2 megabytes, but the FPS 
remained at an acceptable level. 

While these two techniques do introduce some 
computational overhead, resulting in a slight decrease in 
overall FPS compared to the base YOLOv10 model, this 
trade-off is worthwhile from a practical application 
perspective. For example, using coordinate attention leads 
to an approximately 5% reduction in FPS, while introducing 
deformable convolutions adds an additional 2% decrease. 

However, considering the resulting accuracy improvements, 
especially when handling challenging targets, this 
performance loss is acceptable. Furthermore, by optimising 
implementation details and leveraging modern hardware 
acceleration techniques such as TensorRT and OpenVINO, 
we can mitigate this issue to some extent, ensuring the 
model operates efficiently while maintaining high accuracy. 

As shown in Table 5, we evaluated the performance of 
our improved YOLOv10 at different scales. We evaluated 
two metrics: localisation error and false negative rate. 
Experimental results show that our model performs best on 
large targets. AP@0.5 reaches 0.973, AR@10 reaches 
0.982, and the false negative rate is only 1.8%, with a 
calculated localisation error of only 0.62 pixels. This 
indicates that our model performs exceptionally well on 
large targets. For medium targets, AP@0.5 reaches 0.957 
with a false negative rate of only 3.2%. For the smallest 
targets, AP@0.5 reaches 0.886, which, although lower than 
for high and medium targets, is still leading compared to 
other models. The false negative rate is 8.7%, and the 
localisation error is only 1.35 pixels. 
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Table 7 Cross-platform inference performance 

Platform Backend/optimisation mAP@0.5:0.95 FPS Latency (ms) 

NVIDIA A100 TensorRT FP16 0.831 ± 0.001 128.4 ± 1.2 7.8 ± 0.1 
NVIDIA Jetson Nano TensorRT FP16 0.819 ± 0.002 18.1 ± 0.3 55.6 ± 0.9 
Intel Core i7-12700H (CPU only) ONNX + OpenVINO INT8 0.819 ± 0.002 23.3 ± 0.5 43.5 ± 0.8 
Raspberry Pi 5 (ARM Cortex-A76) ONNX Runtime (INT8) 0.805 ± 0.003 4.2 ± 0.1 238.1 ± 5.2 

Note: Mean ± Std. 

Figure 2 Per-category mAP@0.5 comparison of different object detectors on the external validation set (see online version for colours) 

 

Figure 3 Ablation using the improved YOLOv10 model (see online version for colours) 
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Figure 4 Influence of different parts of the model (see online version for colours) 

 

Figure 5 Changes in detection performance under different target sizes (see online version for colours) 

 

 
As shown in Table 6, we evaluated the performance of the 
error correction module. We used 50 drawings with human 
error to analyse the model’s error correction capability, 
designing four classic dimensional deviation phenomena. 
Experimental results show that on 410 samples, our model 
achieved a 97% warning rate, a false alarm rate of only 
2.1%, and a false negative rate of 1.2%, indicating that the 
accuracy of our model is extremely high, with very few 
false alarms and false negatives. The accuracy for 
identifying tolerance discrepancies was the highest, 
reaching 98.1%, thanks to the clear characteristics and very 
simple patterns of this type of error. The identification of 
patterns such as dimensional deviations was also relatively 
reliable, reaching 97.4%. In terms of response time, the 

average correction suggestion time was only 0.79 seconds. 
Finally, we invited experts in drawing correction to evaluate 
the results, and the adoption rate reached 89.8%, indicating 
that our structure is not only reliable but also provides staff 
with a credible reference solution. 

As shown in Table 7, we analysed the performance of 
our model deployed on different platforms. On high-end 
machines, such as the NVIDIA A100, the model achieved 
its best performance at a resolution of 640 × 640, with an 
FPS of 128. When our model was deployed on a GPU  
(RTX 3080), the performance showed almost no drop  
(mAP = 0.956, FPS = 98), indicating that the model not 
only has good cross-platform compatibility but also 
maintains stable performance. When the model was 
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deployed on an edge device, such as the Jetson AGX 
Xavier, the FPS decreased to 32 at a resolution of 640×640, 
but it still met the requirements for real-time operation. 
Further improvement was achieved when the resolution was 
reduced to 480×480, with an accuracy of 0.938. Even under 
extremely limited resources, our average accuracy was 
0.905, with an FPS of 18, meeting the accuracy 
requirements. The model constructed in this paper is 
applicable to multiple resolutions, and the results at 
different resolutions are not significantly different. The 
model can be adapted to machines with different resources 
by adjusting the resolution. 

To evaluate the model’s generalisation ability on 
datasets from different sources, we obtained another batch 
of drawings that differed significantly from the 
experimental data. We selected only the key parts that were 
deemed difficult for the model to recognise by human 
evaluation as the experimental objects and evaluated them 
on detection tasks. As shown in Figure 2, we compared the 
models on different types of object detection. We evaluated 
two metrics: mean accuracy and inference speed. The figure 
shows that our improved model achieved a mean accuracy 
of 0.75, while the best among other models was YOLOv8M 
at 0.7. This result demonstrates that our model has good 
generalisation ability across different data sources, 
surpassing other models. We also conducted multiple 
experiments, using error bars to represent the volatility of 
the results. The figure shows that our model’s results were 
the most stable. The purpose of this experiment was to 
verify the model’s ability to recognise more difficult 
objects. 

We also conducted corresponding experiments on the 
external validation set, as shown in Figure 3. We compared 
the improved model with the experimental results, and used 
a distribution plot to show the improvement results of 
adding different modules at different stages. The results 
show that the model performance was improved after 
adding the coordinate attention mechanism. Similarly, the 
introduction of the variable convolutional neural network 
and our improved dedicated loss function also improved the 
model’s performance. The coordinate attention mechanism 
had the greatest impact on the complete model, achieving a 
performance of 0.92. While there are differences between 
the external validation and related experimental results and 
the test and utility experiment results, overall, it can be 
concluded that every part of the model is useful for 
improving accuracy, whether on the test set or the external 
validation set. 

Unlike Figure 4, Figure 3 shows the overall contribution 
of different components to the performance. We validated 
this by continuously replacing key components of the model 
with the most basic model. The contribution of each module 
is shown in the figure. The backbone network module 
contributes the most to the overall result, reaching 0.2, 
indicating that the backbone module plays a significant role 
in feature extraction and capturing subtle features. The neck 
and head modules contribute slightly less to the overall 
model, at 0.17 and 0.15 respectively, suggesting that the 

multi-scale fusion module and the detection head also have 
a significant impact on the overall performance. The loss 
function and FPN contribute approximately 0.16 to the 
model, while the post-processing and decoding modules 
contribute the least, at only about 0.12. We also verified the 
optimiser’s impact on model performance, which accounts 
for 0.11. Overall, the backbone network is the main factor 
affecting model performance. 

Figure 5, we demonstrate different models on the 
external validation set. Regarding the performance variation 
across different object sizes, the results in the figure show 
that as the size of the object to be detected increases, the 
recognition accuracy gradually increases. Our proposed 
model demonstrates a significant advantage over other 
models in terms of accuracy across all dimensions. While 
other models show some performance improvement with 
increasing object size, they remain significantly lower than 
the model we constructed in this paper. 

To improve robustness, we additionally introduced 
synthetic degradation during training: adding a Gaussian 
blur with PSNR = 20 dB, random ink occlusion (area ≤5%), 
and non-uniform lighting perturbation to 10% of the 
samples. Ablation analysis showed that mAP only decreased 
by 0.009, demonstrating that the model has good tolerance 
to real-world noise. 

To mitigate the domain offset between the training set 
and external data, we further evaluated the Test-Time 
Augmentation (TTA) strategy. Specifically, we employed a 
combination of multi-scale (0.8×, 1.0×, 1.2×) and 
horizontal/vertical flipping, totaling six transformations. 
The prediction results were then fused using a weighted 
average. As shown in Table 8, TTA improved the 
mAP@0.5:0.95 on the external validation set from 0.752 to 
0.791 (+3.9%), with a particularly significant improvement 
in AP for small targets (+5.2%). Although the inference 
time increased by approximately 2.1 times, this approach is 
practically valuable in non-real-time quality inspection 
scenarios. 

Table 8 TTA results 

Method mAP@0.5:0.95 ΔmAP Inference time (ms) 

Baseline 0.752 – 8.3 
+ TTA (6-aug) 0.791 +0.039 17.4 

As shown in Table 9, to further reduce the false negative 
rate of small targets, we explored two improvement 
strategies: 

1 introducing a higher resolution P2 layer (stride = 4) in 
the feature pyramid to retain more detailed information 

2 increasing the input resolution from the default  
1024 × 1024 to 1280 × 1280. 

As shown in Table 5, after jointly adopting the above 
methods, the AP@0.5 of small targets (<32 × 32 pixels) 
increased from 0.886 to 0.903, and the false negative rate 
(miss rate @ IoU = 0.5) decreased from 8.7% to 6.1%. 
However, the number of model parameters increased by 
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about 9%, and the inference latency on the A100 increased 
from 7.8 ms to 9.6 ms (FPS decreased from 128 to 104), 
with a computational cost increase of about 23%. Given the 
stringent real-time requirements of industrial scenarios, this 
configuration is not yet integrated in the current version, but 
we will achieve high-precision and low-latency small target 
detection optimisation in future work through neural 
architecture search (NAS) or feature distillation. 

Table 9 Analysis of improvement strategies 

Configuration AP (small) 
@0.5 

Miss 
rate (%) 

Latency 
(ms) Δ FLOPs 

Full model (ours) 0.886 8.7 7.8 1.0× 
+ P2 layer + 
1280×1280 

0.903 6.1 9.6 1.23× 

4.3 Implementation details 
The model was trained for 300 epochs with a batch size of 
32 using the SGD optimiser (momentum = 0.937, weight 
decay = 0.0005). The learning rate schedule employed linear 
warmup over the first 10 epochs to reach an initial peak of 
0.01, followed by cosine decay for the remaining epochs. 
The dataset, consisting of 1,200 engineering drawings, was 
split into 80% training (960 drawings), 10% validation 
(120), and 10% test (120), with strict non-overlapping 
partitions to ensure unbiased evaluation. Training was 
conducted on four NVIDIA A100 GPUs using PyTorch 2.1 
and CUDA 12.1. Standard data augmentations included 
Mosaic (applied with probability 0.5), HSV colour jittering, 
and random horizontal flipping, all tailored to preserve 
geometric semantics while enhancing robustness to  
real-world drawing variations. 

5 Conclusions 
Traditional methods for detecting key dimensions in 
drawings suffer from large errors, low detection efficiency, 
and difficulty in error correction. Meanwhile, the accuracy 
of object detection algorithms is constantly improving. 
Therefore, this paper, based on the latest object detection 
algorithm YOLOv10, incorporates a coordinate attention 
mechanism to enhance the model’s spatial awareness and 
adds variable convolution to influence the model’s ability to 
perceive features. We also optimised the anchor box design, 
customising the bounding boxes for the aspect ratio of 
anchor boxes in drawing designs. Furthermore, we 
improved the classification and segmentation losses in the 
original loss function to better suit the research context of 
this paper. Experimental results show that our improved 
model achieves an average accuracy of 0.831, a significant 
improvement compared to other models, especially under 
high LU conditions. This demonstrates that our model has a 
significant advantage in detection accuracy compared to 
other models. In terms of error correction, our model can 
achieve pixel-level error control. Regarding cost, we 
explored the deployment effects on different types of GPUs 

and CPUs. Experimental results show that our model can 
achieve good accuracy and real-time performance on edge 
devices, proving the feasibility of our model. 
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Appendix 
Supplementary material 
As shown in Figure A1, we also evaluated the model on an 
external validation set. We used various maps, including 
indoor design drawings, outdoor traffic maps, crowd 
monitoring maps, and night-time city maps, for our 
experiments. The results show that our model exhibits 
extremely high consistency in predictions across all 
scenarios. The correlation coefficient of our model reaches 
over 0.74. This demonstrates that the model has good target 
detection capabilities even under poor lighting conditions, 
occlusion, and dense target distribution. 

Figure A1 Effects of four typical application scenarios  
(see online version for colours) 

 


