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ABSTRACT 
Piping and Instrumentation Diagrams (P&IDs) play a crucial role in the chemical industry, yet they 
are often stored as scanned images or computer-aided design (CAD) drawings, limiting their 
seamless integration into modern digital workflows. Consequently, the task of automating P&ID 
digitization has attracted significant attention from the computer-aided design (CAD) research 
community. Traditional approaches, which typically rely on conventional object detection tech-
niques, often demand extensive manual annotations to accurately identify and classify the various 
symbols in P&IDs. In this paper, we proposed a novel framework for automating the recognition of 
P&IDs. Our method first extracts key features of geometric primitives in CAD drawings through an 
automated process. Subsequently, a Transformer-based model is employed to predict the layer 
assignment of these primitives. Following this, an unsupervised clustering method, guided by pre-
defined rules and geometric distances, is applied within each layer type to facilitate the automatic 
identification of devices, pipes, instrumentation, valves, insulation, and utilities in P&IDs. Extensive 
evaluation on an annotated dataset comprising 336 authentic P&IDs demonstrates that the pro-
posed semantic annotation method achieves an overall accuracy exceeding 92%. The results of 
the unsupervised clustering are visualized, demonstrating promising performance and supporting 
the effectiveness of the proposed method. This study provides valuable insights into the intelligent 
digitization of P&IDs and lays the groundwork for further advancements in intelligent chemical 
process design. 
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1 INTRODUCTION 
Piping and Instrumentation Diagrams (P&IDs) play a 

central role at every stage of chemical engineering de-
sign. They serve as an essential tool for communication 
among engineers, operators, and maintenance personnel 
by depicting how piping systems connect with industrial 
processing equipment and how processes are controlled 
through automated systems. By indicating critical infor-
mation such as isolation valves and emergency shutdown 
devices, P&IDs aid operators in executing safe operations 
and responding effectively in emergencies. 

Over the years, millions of P&IDs have been manu-
ally generated, scanned, and stored in image formats, 
encapsulating a wealth of valuable engineering design 
knowledge [1]. However, analyzing the complex 

information within these diagrams—due to the intricacy 
of devices, text, and pipelines—has traditionally required 
extensive manual effort by engineers. This manual anal-
ysis is not only time-consuming but also prone to errors. 
Therefore, the ability to automatically extract information 
from P&IDs would significantly enhance productivity and 
minimize human error. Moreover, since P&IDs are a pri-
mary source of design and safety information in chemical 
engineering, the extracted data can be integrated with 
intelligent algorithms for process simulation, optimiza-
tion, and safety analysis, promoting more effective 
chemical process management and design. 

To support digital storage and interoperability, the 
Digital Exchange of Process and Instrumentation Dia-
grams (DEXPI) standard [2] was introduced. By defining a 
comprehensive set of structured data formats based on 
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eXtensible Markup Language (XML), DEXPI enhances the 
efficiency and accuracy of engineering processes. In re-
cent years, numerous deep learning-based image recog-
nition algorithms have been developed to convert image-
format P&IDs into drawings that comply with the DEXPI 
standard. For example, Kim et al. proposed a P&ID digiti-
zation system that employs two independent Generative 
Flow Networks (GFL) for recognizing equipment symbols 
of varying sizes [3]. Despite advances in deep learning-
based image recognition, digitization of P&IDs remains 
challenging due to the high irregularity of ordering and 
uncertain orientations [4]. 

Transitioning from these challenges, most tradi-
tional P&ID files are created using computer-aided design 
(CAD) tools, which means that beyond the visible image 
data, these drawings inherently contain detailed infor-
mation about the shapes, positions, and layer properties 
of various geometric primitives (such as lines, arcs, poly-
gons). This fine-grained semantic data can greatly en-
hance the effectiveness of P&ID recognition by address-
ing the limitations of traditional methods that rely solely 
on images. Building on this insight, in this paper we pro-
pose a novel intelligent symbol recognition framework 
that tokenizes various geometric primitives found in CAD 
drawings, then a Transformer-based model is employed 
to automatically annotate the layer assignment of these 
primitives. After that, we apply unsupervised clustering 
to group the isolated primitives into meaningful symbols 
(including devices, valves, etc.). Validation on 336 au-
thentic P&IDs demonstrates that our framework achieves 
an overall accuracy of 0.927 in annotating geometric 
primitives. The visualization of the clustering results fur-
ther demonstrates the effectiveness of our approach. 

2 METHODOLOGY 

2.1 Data Preprocessing 
This paper primarily uses two data sources: CAD 

drawings and rasterized images. The CAD drawings are 
in Drawing Exchange Format (DXF), exported from Auto-
CAD. DXF files employ a vector-based data format, 
providing detailed attribute information for various geo-
metric primitives and defining the blocks and layers 
within the drawing. The rasterized images are in Portable 
Network Graphics (PNG) format, converted from the DXF 
files. Thus, there is a one-to-one correspondence be-
tween the CAD drawings and the rasterized images. 

We use the Python library ezdxf to extract the types 
and layer information of geometric primitives from CAD 
drawings. The layer information for these geometric 
primitives is manually created by the designer and typi-
cally conveys the specific meaning of the primitives in the 
P&ID. Therefore, we use the layer information as the se-
mantic label for the primitives. In P&ID drawings, the lay-
ers are primarily categorized into 11 distinct categories, 

the details of which are shown in Table 1.  
Next, we utilize the Shapely Python library to con-

vert various types of geometric primitives from the DXF 
file into Shapely geometric objects. Specifically, straight 
lines and open polylines are directly converted into Lin-
eString objects, while closed polylines are transformed 
into Polygon objects. For curves in the DXF file, we ap-
proximate them with a polyline consisting of 72 endpoints, 
converting them into either LineString or Polygon objects 
based on whether they are closed. Subsequently, we em-
ploy functions from Shapely to calculate the centroids of 
the geometric primitives and the minimum distances be-
tween each pair of primitives. For each primitive, we 
identify the 128 nearest geometric primitives as its neigh-
boring nodes and construct the adjacency matrix. 

Table 1. Common layer definitions in P&IDs. 

Layer name Definition 

Device Contour of Physical devices used in 
the system such as pumps 

Instrument Symbol of measuring and controlling 
instruments 

Valve Symbol of valves in the system 

In-out Signal Communication signals for system in-
put and output 

Pipeline Symbol of the pipework that are used 
to transport process materials 

Control Line Symbol of the control lines that are 
used to carry signals 

Insulation Symbol of the insulation around pip-
ing or equipment 

Hot Utility Symbol of systems that provide heat 

Cold Utility Symbol of systems that provide cool-
ing 

Arrow Symbol of the flow of materials 

2.2 Model for Layer Assignment Prediction 

2.2.1 Backbone Architecture  
The backbone architecture of the predictive model 

is illustrated in Figure 1. PNG images derived from CAD 
drawings are processed using the pre-trained HRNetV2-
W48 model [5] to automatically extract features. Addition-
ally, the previously discussed feature extraction method 
is used to extract the normalized center coordinates of 
geometric primitives from the CAD drawings and to con-
struct an adjacency matrix. 

Using these normalized coordinates, we project 
each geometric primitive from the CAD drawing to its cor-
responding position in the PNG image. We then apply bi-
linear interpolation-based upsampling to align the feature 
maps with the positions of the geometric primitives, cal-
culating the feature vectors at each primitive's location. 
These interpolated feature vectors undergo further linear 
transformations and ReLU operations to generate the 
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initial embedding for each geometric primitive. The up-
dated vectors are subsequently processed using a 
Transformer model that consists of various stages, each 
stage applies self-attention with spatially localized k-
nearest neighbors, enabling the refinement of each prim-
itive's representation using its local features. The fea-
tures across different stages are then fused by calculat-
ing the mean of the output of the Transformer stages. 

2.2.2 Layer Assignment Prediction Task 
The updated vector representations of geometric 

primitives are then processed using a multi-layer percep-
tron (MLP) to predict the layer to which each primitive 
belongs. The MLP model outputs a predicted score for 
each geometric primitive corresponding to each layer, 
which is then compared to the actual layer properties of 
the primitives. The loss function employed is based on 
the cross-entropy loss function: 

𝐿𝐿𝑠𝑠𝑠𝑠𝑠𝑠 = − 1
𝑀𝑀
∑ ∑ 𝑦𝑦𝑖𝑖,𝑚𝑚𝑙𝑙𝑙𝑙𝑙𝑙�𝑝𝑝𝑖𝑖,𝑚𝑚�𝑁𝑁

𝑖𝑖=1
𝑀𝑀
𝑚𝑚=1   (1) 

where M is the total number of geometric primitives, and 
N is the number of layer categories, 𝑦𝑦𝑖𝑖,𝑚𝑚  represents 
whether the m-th geometric primitive actually belongs to 
the i-th layer; it is equal to 1 if it does, and 0 if it does not. 
Additionally, 𝑝𝑝𝑖𝑖  represents the predicted score for the 
model’s prediction of the geometric primitive belonging 
to the i-th layer. In order to overcome the impact of class 
imbalance, we choose AM-Softmax loss function [6], 
which introduces an additive margin to the target class's 
logit. During the inference process, the predicted seman-
tic label is the layer with the highest predicted probability. 

2.3 Clustering for Symbol Recognition 
After assigning layer for the geometric primitives, in 

order to extract higher-level features, such as the con-
tours of devices, and to better understand the physical 
process layout, we perform unsupervised clustering for 
each layer to automatically group isolated geometric 
primitives into meaningful symbols. 

For instances with closed contours, such as equip-
ment, instruments, valves, insulation, and inlet/outlet la-
bels, we apply a Depth First Search (DFS) algorithm to 
cluster all geometric primitives within the same layer. We 
assume that if the distance between two geometric prim-
itives is less than the specified threshold, they are con-
sidered to intersect. By utilizing a stack to simulate the 
recursive depth-first search, we group all intersecting 
geometric primitives into the same cluster, while non-in-
tersecting ones are assigned to separate clusters. 

For instances without closed contours, such as 
pipelines, control lines, cold utilities, and hot utilities, we 
distinguish instances based on predefined rules. For ex-
ample, when two perpendicular pipelines intersect, it typ-
ically signifies that a main pipeline is branching into two 
directions. In such cases, the algorithm generates three 
clusters: one for the main pipeline and two for the branch 
pipelines. Conversely, if two perpendicular pipelines 
cross without an intersection point, it suggests that the 
two pipelines are physically offset. In this scenario, one 
pipeline may be represented as two straight lines in the 
drawing. The algorithm identifies collinear segments with 
distances that are consistent with common knowledge 

 
Figure 1. Backbone architecture for predicting layer assignment of the geometry primitives. 
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and merges them into a single cluster. 

3 EXPERIMENTS 

3.1 Datasets and Evaluation Metrics 
The dataset utilized in this study consists of 336 real 

P&ID drawings stored in DXF format, each labeled with its 
corresponding layer assignment. These drawings repre-
sent 17 process flows designed for the deep desulfuriza-
tion of industrial flue gas, providing detailed information 
about the piping systems, instruments, valves, process 
topology, and utilities. Although the original versions of 
these drawings include layer annotations, the naming 
conventions for the layers are inconsistent. Conse-
quently, we standardized the layer names across the 
drawings into 11 categories, as detailed in Table 1. Addi-
tionally, we converted the drawings from DXF format to 
PNG format. Prior to being input into the model, each PNG 
image was cropped into square blocks, each measuring 
14m × 14m. The training, validation, and test sets were 
divided in an 8:1:1 ratio, resulting in 268, 33, and 35 P&ID 
drawings, respectively. 

The Transformer-based layer prediction model we 
employed has an input dimension of 384 and consists of 
four layers of self-attention. The number of neighboring 
nodes utilized by each self-attention layer increases from 
2 in the first layer to 4 in the second, 8 in the third, and 
16 in the fourth layer. The output dimension is 11, corre-
sponding to the 11 layer categories. During training, the 
initial learning rate is set to 0.00025, and the Adam opti-
mizer is used with β1 = 0.9 and β2 = 0.999. Every 20 
epochs, the learning rate is reduced to 50% of its previ-
ous value. The original momentum is set to 0.1, with mo-
mentum decay set to 0.5. The model is trained for 300 
epochs. The batch size is fixed to 6, and we trained our 
model with 6 NVIDIA RTX 4090 GPUs with 1 training sam-
ple on each GPU. 

We evaluated the effectiveness of the proposed 
model using the following classic classification metrics: 

 Precision: The proportion of correctly predicted 
instances of a specific layer among all instances 
predicted as that layer. 

 Recall: The proportion of correctly predicted 
instances of a specific layer among all instances 
that actually belong to that layer. 

 F1 Score: The harmonic mean of precision and 
recall, considering the balance between these two 
metrics. 

 Accuracy: The proportion of correctly predicted 
samples out of the total number of samples. 

Additionally, we employed a confusion matrix to an-
alyze which geometric elements of the layers are more 

likely to be mistaken for one another. 

3.2 Results on Layer Assignment Prediction 
The quantitative evaluation results on the test set 

are presented in Table 2. Figure 2 shows the detailed 
prediction results for each class in the form of a confu-
sion matrix. The diagonal elements of the matrix repre-
sent the number of correctly classified samples, while the 
off-diagonal elements indicate misclassifications, re-
flecting the model's ability to distinguish between differ-
ent categories. It can be seen that our model performs 
well in overall layer classification for all geometric primi-
tives, achieving an F1 score of 0.9224, with precision of 
0.925, recall of 0.9224, and accuracy of 92.7%. 

Table 2. Evaluation results of the layer prediction model. 

Layer name F Precision Recall 
Device    
Instrument    
Valve    
In-out Signal    
Pipeline    
Control Line    
Insulation    
Arrow    
Hot Utility    
Cold Utility    
Total    

 
Figure 2. Confusion Matrix of Classification Results. 

Among the geometric primitives in each layer, the 
model demonstrates high accuracy in recognizing de-
vices, instruments, valves, inlet/outlet markers, insulation 
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layers, and arrows, with F1 scores exceeding 0.9. We hy-
pothesize that this is due to the relatively standardized 
shapes of the symbols in these layers and the large num-
ber of training samples available. 

In contrast, there is room for improvement in the 
recognition of pipes, control lines, and utilities. This is 
likely because these layers consist mainly of multiple line 
segments, which can form highly variable combinations. 
As indicated by the confusion matrix, some pipelines are 
misclassified as equipment outlines or valves. Further-
more, the geometric primitives in the control lines, cold 
utilities, and hot utilities layers are difficult to distinguish 
from those in the pipeline layer. We believe this is not only 
because these layers contain fewer geometric primitives 
than the pipeline layer, but also because they cannot be 
easily differentiated based solely on the positional infor-
mation of the geometric primitives. Specifically, the key 
distinction between control lines and pipes is whether 
both endpoints of the line segments (or polylines) are 
connected to control instruments. Similarly, the funda-
mental criterion for distinguishing between utilities and 
process material pipelines is whether the transported 
substance is process material, which requires additional 
textual information, such as piping codes, from the P&IDs. 

3.3 Visualization of Clustering Results 
The clustering results of the equipment, and pipe-

lines layers are shown in Figure 3, which not only allows 
us to observe the performance of target recognition for 

each layer, but also helps assess the clustering precision 
of different layers. The clustering outcomes for the 
equipment layers are illustrated in Figures 3(a), respec-
tively. Due to variations in size and distribution density 
between the equipment and other identified objects, we 
applied distinct distance thresholds for each layer. For 
the equipment layer, a larger threshold of 6 units effec-
tively groups adjacent primitives together. While for all 
other layers, a smaller threshold of 0.001 units ensures 
more precise clustering by grouping close geometric 
primitives together, minimizing redundancy and incorrect 
clustering. From the clustering visualization, we can see 
that the contours of most equipment and instruments, in-
cluding instrument interface pipes, are accurately recog-
nized and clearly distinguishable. This demonstrates the 
strong potential of using a DFS algorithm for closed-con-
tour target recognition. 

The clustering results for the pipelines layers are 
presented in Figures 3(b), respectively. It can be ob-
served that the various pipelines were effectively distin-
guished according to the established rules. However, 
some pipelines were not successfully recognized by the 
layer assignment predictive model, and as a result, their 
clustering results were not reflected in the drawing. 
What’s more, since the current rule definitions are rela-
tively simplistic, certain specific scenarios, such as the 
presence of bypass valves on pipelines have not been 
adequately addressed. In these cases, the bypass pipe 
should merge with the main pipeline. Consequently, the 

      
                                          (a)                                                                                              (b)                                             
Figure 3. (a) Clustering visualization for the equipment layers; (b) Clustering visualization for the pipelines layers. 
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redundancy in the pipeline clustering results can be re-
duced by refining the rules.  

4 CONCLUSION 
In this study, we propose a novel intelligent symbol 

recognition framework for P&ID based on CAD drawings. 
During the data preprocessing stage, CAD drawings are 
divided into fine-grained geometric primitives, and an ad-
jacency matrix is constructed based on the distances be-
tween these primitives. The symbol recognition frame-
work consists of two stages: layer assignment prediction 
and symbol recognition. In the layer assignment predic-
tion stage, the classic image recognition framework 
HRNetV2-W48 is employed to generate feature vectors 
from the converted PNG images of the CAD drawings, 
enabling the positional encoding of each geometric prim-
itive. Then, a Transformer-based architecture is utilized 
to update the encoding of each geometric primitive by 
leveraging information from the nearest neighbors in the 
spatial domain. Finally, the membership probability of 
each geometric primitive to different layers is determined 
through a linear transformation. In the symbol recognition 
stage, the symbols with closed contours and open con-
tours are recognized by unsupervised clustering using 
depth-first search and predefined rule, respectively. 

Experimental results showed that the model for 
layer assignment prediction achieved a multi-class accu-
racy of 92.7% and an F1 score of 0.9224 on the test set. 
This indicates the potential of using the Transformer ar-
chitecture for layer assignment prediction tasks. Unlike 
traditional object detection frameworks, which perform 
regression to detect bounding boxes and classify targets 
within the boxes, this study directly utilizes fine-grained 
geometric primitive from CAD drawings. It extracts es-
sential geometric features and spatial topology, further 
refining the embedding representation of geometric 
primitives using the self-attention mechanism. This ap-
proach allows for improved handling of diverse combina-
tions and randomly orientation of the symbols. The effec-
tiveness of unsupervised clustering is demonstrated 
through visualization, where symbols are accurately clus-
tered according to predefined rules and geometric dis-
tances. 

Although the experimental results are generally sat-
isfactory, several areas require further improvement. 
Firstly, the current classification model tends to confuse 
geometric primitives of pipes, control lines, and utilities 
across different layers, and some pipes are misidentified 
as equipment contours or valve components. Secondly, 
the clustering of pipes, control lines, and utilities may re-
sult in redundancy. Finally, the extraction of grounding 
lines and textual information, and their interrelationships 
were not addressed in this study. In future work, we plan 
to develop a model to establish the matching 

relationships among equipment, instruments, and textual 
descriptions, thereby automatically forming a process to-
pology network with node descriptions. We believe this 
study will provide a novel approach to the digitalization 
of P&ID and contribute to the advancement of intelligent 
process design, risk analysis, and large language models 
in the field of chemical engineering. 
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