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Zero-Shot Detection and Classification of Symbols in P&IDs
Leveraging Vision-Language Models for Reference-Free Symbol Detection and
Classification
Carl Odqvist
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Piping and instrumentation diagrams (P&IDs) are a type of industrial schematic
used to represent complex industrial processes. Digitization involves extracting in-
formation from a P&ID, such as locations and symbol interpretations. This thesis
demonstrates how a vision-language model (VLM) can be leveraged for domain-
specific zero-shot detection and classification of symbols.

A problem with training models is that symbols vary between projects, combined
with a scarcity of annotated training data from real-world projects. Training a
model on insufficient data would limit its ability to generalize. For this reason,
VLMs are leveraged to provide general knowledge, enabling zero-shot detection and
classification without requiring any training data.

The thesis presents a novel approach for transforming the detection of symbols into
a classification task performed by a VLM. For symbol classification, the pipeline
matches a detected symbol with one of the possible symbol categories. The symbol
classifier must be provided with a list of possible categories.

The digitization pipeline showed strong performance despite no training and no
examples given. The proposed digitization pipeline provides an adaptable solution
where symbol variability is high and annotated data is scarce.

Keywords: zero-shot, vision-language model, piping and instrumentation diagram,
industrial schematics, object detection, visual prompt engineering, digitization.
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1
Introduction

Piping and Instrumentation Diagrams (P&IDs) is a type of industrial schematic
for representing instrumentation, piping and control devices in industrial processes.
Although there are standards such as ISO 14617 and ISO 10628, in practice, the
symbols used in industry vary between engineering projects [2]. The variety of
symbols, text and nonstandard formatting makes digitizing industrial schematics a
complex task [3].

Because the exact appearance of a symbol is not always known in advance, there is
a need for reference-free symbol detection. With reference-free referring to symbol
detectors that have no knowledge of which symbols they are tasked to identify or
their appearance. Humans can still recognize these symbols by relying on general
structural patterns, geometry, and context rather than matching them to a specific
reference symbol. But the human process is time-consuming and prone to errors
[3, 4].

Recent advances in Vision-Language Models (VLMs) make it possible for models to
answer complex questions about visual content [5]. VLMs possesses general knowl-
edge and general problem solving ability, reducing the need for task specific training.
Some recent VLMs enables understanding of visual inputs such as geometric shapes
and diagrams, allowing them to extract relevant information from documents [6].

One previously proposed digitization pipeline employed multiple for detection, each
detection different features, and multiple methods for comprehension of the detected
features [7]. Another digitization pipeline interprets schematics in a single step with
a deep learning model [8]. There are also digitization pipelines combining rule-based
heuristics and Optical character recognition (OCR) techniques in combination with
deep learning models [9, 10].

1.1 Motivation
One challenge is the lack of annotated real-world datasets and the class imbalances
in the existing ones [3], leading some researchers to create synthetic datasets [7]. But
modern VLMs are built for downstream applications [11] and have been used for
analysis of industrial schematics [2]. By using VLMs instead of training a model,
higher adaptability is achieved. Adapting to new symbols without retraining the
model drastically simplifies project specific adaptations [2]. This thesis is motivated
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1. Introduction

by the limited amount of available training data and the promising potential of
VLMs within the domain of P&IDs.

1.2 Objective
The objective of this thesis is to develop an approach for identifying symbols in
P&IDs without relying on a predefined symbol list with images of the symbols.
The purpose of the thesis is to investigate techniques that can extract and interpret
symbols based on visual and contextual cues, supporting use cases where symbol
variability is high. Specifically, the aims of the thesis are:

1. Development of a zero-shot detector for P&ID symbols.

2. Development of a zero-shot classifier for P&ID symbols.

3. Insights into the strengths and weaknesses of the detector and classifier.

1.3 Scope
P&IDs consist of symbols, text, and connections. The scope of this thesis is limited
to the detection and classification of symbols. Connections which includes pipes,
pipe junctions and arrows indicating flow direction, are excluded from the study.
Text can belong to a symbol and are sometimes located inside a symbol, but the
thesis will not match texts to symbols. The scope of the thesis does not include
deriving information about how the symbols relate to each other.

In this thesis, zero-shot refers to the ability of the model to provide an answer
without any visual examples of schematics or symbols. There will be no training or
fine-tuning of VLMs. Throughout the thesis, the model relies solely on its pretrained
knowledge of the model and information from the prompt.
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2
Background

2.1 P&ID Digitization

Piping and instrumentation diagrams are technical drawings for a graphical repre-
sentations of complex industrial processes. They are widely used in the design and
planning of manufacturing processes [12]. Digitization of P&IDs refers to the pro-
cess of extracting information from a P&ID in image format to a structured format
that is interpretable for computers [4]. The types of data extracted can be divided
into symbols, text and connectors with some research only targeting one of them
while others extracts all three [3].

2.1.1 Data Scarcity

Due to the lack of annotated data, previous research has investigated techniques that
do not require training such as circle and line detection algorithms [12]. However,
these techniques often require parameter tuning and limit the types of shapes that
can be detected. Much research on P&ID digitization has been evaluated on propri-
etary datasets that are not open to the public, which limits research and complicates
comparisons [3]. Other research has focused on the generation of synthetic P&IDs
that mimic real-world schematics to train deep learning models, some of which have
been turned into public datasets [7, 13].

2.1.2 Model Architectures

An early approach for deep learning for P&ID digitization was based on image
segmentation models used to detect symbols [10]. Essentially, determining for each
pixel in an image whether it belongs to a symbol or not and if so, what type of
symbol. In [10], one type of symbol characterized by a specific shape was detected
algorithmically while other symbols were detected with the image segmentation
model. Image segmentation models have also been used to find symbols of any
category, then using a separate model to distinguish between the different types of
symbols [7]. Another architecture extracts bounding boxes, their symbol type, and
symbol connections simultaneously [13]. A bounding box is a rectangular boundary
that encloses an object of interest. This is less detailed information than image
segmentation, where the area of a symbol is described pixel-wise.
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2. Background

2.2 Vision-Language Models
Vision-language models are at the intersection of natural language processing (NLP)
and computer vision [14]. NLP is a branch of artificial intelligence that concerns
how human language can be understood, interpreted and generated by computers.
Computer vision is the field of artificial intelligence regarding visual information.
VLMs are models that process textual and visual inputs together. This section will
cover how vision-language models have evolved for the foundational transformer ar-
chitecture, which is based on the attention mechanism.

2.2.1 Attention Mechanism

(a) Attention (b) Multi-head attention.

Figure 2.1: Attention on the left and multi-head attention on the right. Repro-
duced from [1]

In the case of language translation, text is transformed into a sequence of tokens,
where the tokens are vector representations of the meaning [15]. Similar words will
have similar vector representations. At the core of the transformer architecture is
the attention mechanism. One of the advantages of the attention mechanism is its
ability to learn long range dependencies between tokens in a sequence [1]. Thus, the
attention mechanism can better understand how words affect the meaning of other
words in long sentences. The attention mechanism is visualized on the left in Figure
2.1 and expressed mathematically using the following formula:

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V (2.1)

For each token, a query, key and value vector is derived using learned linear projec-
tions. The matrices Q, K, and V are sets of all the query, key and value vectors for

4



2. Background

the entire sequence. The attention mechanism first computes the matrix of similar-
ity scores QKT , where each value in the matrix represents how each token learns
from every other token [16]. The matrix of similarity contains the dot products for
all pairs of key and query vectors. It is scaled with the square root of the dimension
of the key vector

√
dk and normalized with a softmax function [1].

The resulting attention weights are then multiplied by the value matrix. The at-
tention mechanism produces weighted sums of the value vectors, where the weights
depend on the degree to which the keys and queries match [1]. This can be inter-
preted as the query vector representing what type of information a token is looking
for, while the key vector represents what kind of information a token can provide,
and the value vector contains the information it will share. The attention mech-
anism enables tokens to collect relevant information from other tokens [16]. To
improve performance, multiple attention heads can be used in parallel, where the
attention heads attend to different features [1]. Multi-head attention is visualized
on the right in Figure 2.1 and scaled dot-product attention is just the standard
attention expressed by the formula and on the left in Figure 2.1. Self-attention is
an attention mechanism that relates different tokens within a sequence to produce
a refined representation of that sequence [1].

2.2.2 Transformer Architecture
The transformer architecture is a deep learning architecture originally developed for
improved sequence modeling which includes analysis, interpretation, and prediction
of ordered data [1]. Compared to previous architectures, this allows for greater
parallelization, which significantly reduces training time [1]. It established a new
state-of-the-art for language translation where the input sequence is text in one lan-
guage and the output sequence is the translated text in another language. Previous
language models were based on models such as recurrent neural networks. One
such model, called Long Short-Term Memory (LSTM), had previously been able to
translate long sentences [15].

The encoder-decoder transformer architecture can be divided into two parts, the de-
coder and the encoder. In Figure 2.2, the encoder is on the left side and the decoder
is on the right side. The input text is divided into tokens that are entered into the
embedding layer, which turns every token into a corresponding vector. Positional
encodings are added to the vector embeddings of the tokens so that each token con-
tains information about its position in the sequence of tokens [1]. The encoder takes
in the embedded input text, whereas the decoder takes in the embedded output
text and the encoding from the encoder. The output text is tokens tokens that has
already been generated. The output of the entire transformer architecture is the
probabilities of how likely each token is to be the next token in a sequence. In the
case of language translation, the model encodes a text in one language and predicts
one new token at a time in a second language [1]. With each token corresponding
to one or multiple text characters.

5



2. Background

The encoder consists of multiple identical layers, with each layer having two sub-
layers. The first sub layer is multi-head self-attention and the second is a fully
connected feed-forward network that operates on each single token separately [1].
The encoder layer also include normalization and residual connections, as can be
seen in Figure 2.2.

The decoder is similar to the encoder with the main difference being that each
decoder layer has an extra multi-head attention sub-layer. It is so called encoder-
decoder attention, where the queries come from the decoder sub-layer and the keys
and values come from the encoder [1]. This lets tokens in the decoder to attend to
the tokens in the input sequence. The first attention block in the decoder layers is
self-attention over the current output tokens. For language translation, this enables
the model to analyze both the text in the first and the text generated so far in the
second language, when predicting the next token.

Figure 2.2: Encoder-decoder transformer architecture. Reproduced from [1].

There are three main variants of the transformer architecture with use cases far
beyond language translation. An early model capable of task such as answering
questions and comparing the meaning of sentences was a decoder-only transformer
model [17]. This was achieved by first pre-training the model to predict the next
word in books, leading to the model obtaining general information about the world
and is able to handle long dependencies. The pre-trained model could then be fine-
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2. Background

tuned for specific tasks [17]. Encoder-only transformers can also be used for a wide
array of downstream tasks [18]. The third variant is the encoder-decoder trans-
former described earlier, visualized in Figure 2.2.

2.2.3 Combining Computer Vision with Language Models
Early approaches to vision-language modeling focused on aligning corresponding
images and texts within the same vector space. In an influential study, a separate
image encoder and text encoder were trained so that semantically related image and
text pairs are mapped to similar embeddings [19]. This model can be used for mul-
tiple tasks, including image classification by comparing different text descriptions
with an image and using the best matching description as the prediction. However,
this model could not be used to generate text. Instead, its input consists of both
images and texts, with similarity scores as output.

As discussed in the previous section, the transformer architecture has contributed to
the field of NLP with its ability to interpret long texts, leading to capable language
models. But the transformer can be expanded beyond text inputs to handle images,
audio, video and spatial information [20]. One approach was to add an attention
layer that fuses together the vision tokens from a vision encoder with the text tokens
in the language model [21]. This technique allows the language model to answer
questions about images. A subsequent approach was to train a transformer model
to extract the relevant information from a vision encoder, which is then used by
an LLM [22]. Hence, neither the vision encoder nor the LLM needs to be trained,
and only the bridging transformer model is trained. A more recent approach merges
visual tokens from multiple layers in the vision encoder to multiple layers in the
LLM. Providing high- and low-level visual information between the vision encoder
and LLM [11]. VLMs can also be improved by instruction fine-tuning, which aims
to teach a model to better follow instructions, leading to an improved ability to
answer questions [23].

2.2.4 Text Generation and Temperature
As described earlier, the transformer model predicts only the probabilities of the
next token in a sequence. Text generation is thus autoregressive, and at each step
a token is chosen from the probability distribution. How the next token is sampled
from the distribution differs and is controlled by variables such as top-k, top-p, and
temperature [24].

Top-k means that the next token will be sampled from the k most probable tokens
[24]. An alternative, top-p does not set a strict limit on the number of tokens
to be considered but still samples from the most probable token. Instead, the
limit is set such that the sum of their probabilities sum up to the probability p.
Here, k and p are hyperparameters. Temperature affects the probability distribution
itself. A low temperature skews the distribution towards the already more probable
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tokens. Conversely, a higher temperature evens the probabilities [24]. Setting the
temperature is a tradeoff between the quality of the generated text and its diversity
[24].

2.2.5 Mixture of Experts
For neural networks, their learned information capacity is limited by the number of
parameters [25]. But an increase in the number of parameters also lead to a rapid
increase in computational cost [25]. The purpose of mixture of experts (MoE) is to
disconnect this strong connection to allow for bigger and more efficient models. MoE
layers have two main parts, one is the multiple feed-forward networks called experts.
The other is the gating network that decides which experts will be used for a given
input to the MoE layer. MoE layers only activates a small subset of the experts [25].
Hence, the size of the model and computational cost can be decoupled. This allows
for significantly higher model capacity without a similar increase in computation
during training and inference [25]. MoE can be applied to the feed-forward networks
of the transformer architecture, resulting in more effective language models [26].

2.2.6 Model Distillation
Distillation is the process in which a teacher model is used to train a smaller student
model, called the distilled model [27]. Typically, machine learning models perform-
ing classification are trained to achieve as high a probability as possible on the
correct answer and a probability as close to zero for the wrong answers. However,
if there are already models capable of a certain task, then a student model can be
trained to output a probability distribution close to that of the capable model [27].
A student model can learn more useful information from the output distribution of
a teacher model than training on the dataset alone [27].

Model distillation can be applied to LLMs and has brought about smaller and faster
models with almost no loss in performance [28]. This is crucial for applications with
hardware or time constraints. Model distillation increases the computational cost
during the training phase, but makes inference more efficient, which is beneficial
for large scale deployment [27]. A single general model can also be distilled into
multiple task specific models [28].

2.3 Computer Vision Techniques
This section covers general techniques used for image processing and evaluation
within the field of computer vision. This includes extracting text, visual features
and matching model predictions with the ground truth in a dataset.

2.3.1 Optical Character Recognition (OCR)
Optical character recognition is software that identifies text in images and extracts
characters into a digitized format [29]. The complexity of the task arises from the
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variety in fonts, styles, and languages [29]. OCR has been a research topic for
decades with early models using geometric features and statistical methods [29].
Later research has been focused on deep learning techniques and in some cases
natural language NLP for improved performance [30].

2.3.2 Image Skeletonization
Image skeletonization is a thinning algorithm that is applied to a binary image. The
algorithms thins lines to a constant thickness while preserving connectivity between
pixels [31]. The skeleton is the result of thinning and contains extracted features of
the pattern in the original binary image [31].

2.3.3 Connected Component Labeling
For a binary image, a connected component is a collection of pixels that are con-
nected to each other. There are two versions of connectivity. 4-connectivity requires
pixels to be located to the right of, above, left of or below to be considered connected.
8-connectivity also accepts pixels diagonal connection. Connected component label-
ing is an algorithm that gives all pixels belonging to the same connected component
the same label [32]. Connected component labeling is primarily used for pre- or
post-processing step with use cases ranging from pre-processing training data to
real-time applications [33]. Figure 2.3 illustrates the difference between the two
types of connectivity.

(a) 4-connectivity. (b) 8-connectivity.

Figure 2.3: Examples where all pixels belonging to the same connected com-
ponent has the same color, visualizing the difference between 4-connectivity and
8-connectivity.

2.3.4 Evaluation of Symbol Detection
When evaluating symbol detection, there are predictions and the ground truth. The
number of predictions can be higher, lower or equal to the number of actual symbols
in a P&ID. To assess the accuracy of the predictions, they need to be matched with
the real symbols. In the case of symbol detection, there are two sets of bounding
boxes. One set is the set of predictions, while the other is the set of ground truths.
A predicted bounding box can be assigned to at most one bounding box in the
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ground truth. Conversely, A bounding box from the ground truth can be assigned
to at most one prediction. To measure how much two bounding boxes match, the
intersection over union (IoU) can be used as a measurement [13]. The IoU is the
ratio between the intersection area and the union area of the bounding boxes. These
areas are visualized in Figure 2.4.

(a) Intersection area. (b) Union area.

Figure 2.4: Intersection area and union area of two bounding boxes.

Intersection over Union = Intersection Area
Union Area (2.2)

A perfect overlap results in an IoU of one, whereas no overlap results in an IoU
of zero. The pairing of predictions and ground truths is an assignment problem
where the objective function is the sum of the IoU across all pairs. The assignment
problem have been used to match the predictions in previous research about P&ID
digitization [13]. In the literature, the standard criterion for a correct detection is
that a pair of bounding boxes for prediction and ground truth has an intersection
over union of at least 0.5 [34]. The threshold of 0.5 is also used for evaluation within
the domain of P&ID digitization [13].

2.4 Capabilities and Applications of VLMs
This section covers the capabilities of VLMs and techniques related to the usage of
language models. As mentioned earlier in Section 2.2.2, the transformer architecture
can be trained to interpret text and images. But for some tasks, additional steps
are required.

2.4.1 Prompt Engineering
In transitional supervised learning, a model is trained to predict a certain output
for a given input, but for language models, there is another approach to adapt a
model to a task [35]. Firstly, a language model is trained to predict the probability
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of words by training on large amounts of raw text. Secondly, a prompt instructs the
model so that the language model predicts the desired information. The prompt is
changed depending on the task without the need to change the model. A prompt
is an input to a LLM or VLM that guides the output of the models [36]. One type
of prompt is textual templates that allow a language model to complete a task by
predicting the most likely tokens. [35]. This makes LLMs and VLMs adaptable to
new tasks with little or no labeled data [35].

Few-shot learning is to give a language model a few examples of questions with cor-
responding answers before answering a question [37]. Such examples demonstrate
how the model should answer. Another strategy is zero-shot learning, where no
examples are given. This can be done by training a model to predict the probability
of a word and then letting it fill in a missing word in a sentence designed to answer
the question of interest [35].

One type of answering format that few-shot learning can enforce is chain-of-thought
(CoT) prompting [37]. It instructs the model to answer in multiple intermediate rea-
soning steps before giving the final answer, improving performance for more complex
questions [37]. This approach can also be extended to zero-shot learning, including
an instruction in the prompt to think step by step [38]. CoT instructs the model to
lay out the models reasoning in text instead of just providing the answer directly.

Instead of forcing a model to reason in predefined steps, reasoning models can de-
termine how to decompose a given problem [39]. An approach is to let a model
solve a problem in steps, where it tries different paths and continues with the most
promising ones. For this, a language model generates new reasoning paths, solves
intermediate tasks, and evaluates its progress [39]. This kind of approach is suitable
when deliberate reasoning is required for complex tasks where CoT struggles [39].

For VLMs, prompt engineering can be extended to visuals. Images can be edited
to provide additional information related to the prompt, this technique is called
visual prompt engineering [40]. In a scenario where part of an image is to be ana-
lyzed, the VLM can be guided by drawing a red circle around the area of interest
instead of cropping the image. This directs the models attention while simultane-
ously maintaining information about the entire image [40]. This has been shown to
deliver strong performance for zero-shot predictions and enables precise localizations
in prompts [40].

2.4.2 VLMs for Problem Solving
Modern VLMs can handle a wide array of problems ranging from extracting textual
information in images and interpreting diagrams to arithmetic. Solving tasks that
require collage-level knowledge about multiple subjects [6]. The combination of vi-
sual understanding with language models performs well for classification tasks that
demands outside knowledge and reasoning [41]. Tasks from various domains can be
converted into a classification problem for the VLM by providing it with alternatives
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[6]. This applies to problems where the answer alternatives are descriptions, numer-
ical values or even formulas. Reasoning models can even play games and write code
[5]. These capabilities are the basis for the expansion of downstream applications
based on VLMs [11].

2.4.3 VLMs for P&ID Digitization
VLMs have recently been applied for P&ID digitization. One use case is to use
VLMs to assess the quality of the predictions produced by a symbol detector and to
refine the final result [42]. The factors used for determining quality are complete-
ness, precision, localization and classification accuracy. In the refinement phase, a
VLM is also instructed to extract the text tags of all symbols that are not already
detected. The detected symbols are either marked with colored bounding boxes or
masked out. This provides the regions where the detector missed symbols which
can be used to improve the symbol detector, but it relies on the assumption that all
symbols have text labels [42].

In another approach, a VLM was used for the detection of symbols [2]. The VLM was
given two images, the first being an example image of a P&ID where the symbols
of interest were marked by a red circle around them. The second image was the
P&ID to be analyzed. The VLM was instructed to extract all text labels belonging
to symbols in the second image if the same symbol could also be found among the
marked symbols in the first image [2]. This also relies on the presence of text labels
and does not provide any precise location, such as bounding boxes. unfortunately,
this approach was considered inadequate for autonomous use, and thus is better
used as a tool accompanied by human supervision [2].
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Figure 3.1: System Overview of the P&ID digitization pipeline.

The proposed digitization pipeline predicts where symbols are located and what
type of symbols they are. The first step is image preprocessing of P&IDs. The pre-
processed image is used in the second step for segment classification. The schematic
is divided into small segments, each of which is classified as being part of a symbol
or not. Adjacent symbol segments are joined into a symbol component, but the re-
sulting symbol component might not be an entire symbol. For symbols that consist
of two parts that are not adjacent, these two parts must be merged, which is done in
the third step, the merge step. The third step is a refinement step of the second step.
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Both the second and third step result in symbol components consisting of segments
that belong to the same symbol. Bounding boxes are derived from symbol com-
ponents and are the reason why both the second and third step produce bounding
boxes, as seen in Figure 3.1. It is also the reason that the merging step is optional
before the symbol classification step.

The classification step takes symbol components and classifies them as one of the
possible categories. Thus, the classification step has to be provided a list of the
symbol categories which is illustrated by the box at the bottom of Figure 3.1. Hence,
the symbol detector (consisting of the segment classification step and optionally the
merging step) acts without any information about which symbols are present in the
P&ID but the symbol classifier relies on that information.

3.1 Dataset
The thesis relies on the three datasets PID2Graph OPEN100, PID2Graph Syn-
thetic and Dataset-P&ID from [13]. PID2Graph OPEN100 consists of 12 P&IDs
from the OPEN100 reactor project [43]. PID2Graph Synthetic as a synthetic dataset
that was created by randomly placing and connecting symbols. The symbols being
placed were cutouts documents containing P&ID symbols [13]. Dataset-P&ID is an-
other synthetic dataset created due to the absence of any publicly available dataset
[7]. Dataset-P&ID was later reconfigured to correspond to the symbol categories
in the two PID2Graph datasets to allow for better comparisons between all three
datasets [13], hereafter referred to as Dataset PID. These three datasets constitute
the PID2Graph dataset, publicly available under the CC BY-SA 4.0 license [44].

Table 3.1: The evaluation subset and the entire dataset.

Dataset Total Nr. P&IDs Selected Nr. P&IDs
PID2Graph OPEN100 12 12
PID2Graph Synthetic 250 50
Dataset PID 500 50

The datasets are annotated with bounding boxes and labels for each bounding box,
marking which symbol categories they belong to. The annotations also include the
location of the legends and the scales around the schematics. For examples of the
three datasets, see Figure 3.2, 3.3 and 3.4. The thesis relies on the general knowledge
of pretrained VLMs without any training or fine tuning, the dataset is only used
for evaluation. Thus, only a subset of the entire dataset is used, as seen in Table 3.1.

The symbol categories in PID2Graph OPEN100 are general, instrumentation, valve,
tank, inlet & outlet and pump. PID2Graph Synthetic does not include instrumen-
tation or inlet & outlet. Dataset PID does not include the tank, inlet & outlet, or
pump. Table 3.2 lists the occurrence of each symbol category for the selected subset
of the three datasets.
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Figure 3.2: A P&ID from PID2Graph OPEN100.
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Figure 3.3: A P&ID from PID2Graph Synthetic.
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Figure 3.4: A P&ID from Dataset PID.
17
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Table 3.2: The occurrence of each symbol category within the selected subset of
the three datasets. The share of each all share of symbols belonging to each category
and the number of symbols within the parenthesis.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
General 23.7% (234) 70.5% (792) 31.2% (1862)
Instrumentation 35.4% (350) 0% (0) 21.1% (1261)
Valve 26.0% (257) 10.6% (119) 47.7% (2854)
Tank 3.5% (35) 11.9% (134) 0.0% (0)
Inlet & Outlet 9.6% (96) 0.0% (0) 0.0% (0)
Pump 1.6% (16) 7.0% (79) 0.0% (0)
All 100% (988) 100% (1124) 100% (5977)

3.2 Model

The VLM used in the thesis is Gemini 2.5 Flash. It is a sparse mixture-of-expert
model that has been trained with distillation [5]. It has internal reasoning capabili-
ties, but for this thesis these capabilities have been disabled for faster performance
and reduced computational load. The temperature is set to zero to make the model
as deterministic as possible with the highest probability token being selected dur-
ing generation [45]. Text extraction was performed using the Azure AI Document
Intelligence Read OCR model, which is a proprietary model from Microsoft [46].

3.3 Data Preprocessing

The resolution of the P&IDs vary with the smallest schematic in the PID2Graph
OPEN100 dataset being 1994x1330 and the largest being 3342x2222. All schematics
in Dataset PID have a resolution of 7168x4562 and for PID2Graph Synthetic it is
7000x4500. For an equitable comparison, the latter two datasets are resized to half
their original resolution, resulting in 3584x2281 and 3500x2250 respectively.

The preprocessing also includes binarization for future skeletonization and connected
component labeling. Additionally, the legends and scale in the schematics are re-
moved by covering them with the background color.

3.4 Symbol Detection

Symbols are detected by finding which parts of a schematic are part of a symbol.
A schematic is partitioned into segments which are analyzed. These segments are
classified as either symbols or non-symbols by the VLM. The classified segments are
used to derive bounding boxes.
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3.4.1 Dividing Schematics into Segments
An essential part of the P&ID digitization pipeline is to utilize VLMs for classifi-
cation. This includes an approach to transform the task of symbol detection into a
classification problem. This is achieved by dividing schematics into segments that
are classified as either part of a symbol or non-symbol. More segments will demand
more computation, but will also provide more detail. For high efficiency, the number
of segments should be as low as possible while still providing high detail. Basically,
producing small detailed segments in detailed areas of a schematic. The creation of
segments should also adapt do different image resolutions and magnifications.

(a) The skeleton with
junction points.

(b) All segments derived
from the junctions.

(c) The final segments
after the OCR.

Figure 3.5: A visualization of a skeletonized schematic to the left where the blue
pixels mark the skeleton and the red pixels are the junctions of the skeleton. The
image in the center shows the resulting segments in random colors. On the right is
the segments after the OCR has removed the text.

By skeletonizing a schematic, an outline of the schematic is extracted, where all lines
are one pixel thick, as seen in Figure 3.5. Thus, each pixel in the skeleton that neigh-
bors more than two other skeleton pixels is a junction. These junctions are marked
in the left image in Figure 3.5. The aim is to divide the schematic by the junctions
to produce segments. This is done by removing the junctions from the skeleton and
performing connected component labeling on the remaining skeleton. This results
in the skeleton being separated into small disconnected segments, marked by blue
pixels on the left in Figure 3.5. By dividing a schematic at the junctions, it will
create more segments in complex areas.

To derive the final segments, all non-background pixels must belong to a segment.
This is achieved by dilating all the disconnected skeleton segments to include the
other pixels. This approach assigns each non-background pixel to its closest skeleton
segment.
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3.4.2 Optical Character Recognition (OCR)
At this stage, every black pixel in the binarized image belongs to a segment. How-
ever, this also includes segments that belong to the text in the schematic. The OCR
is used to detect text in images and outputs both the extracted characters and the
areas where the text is located. The OCR is performed on the original image, not on
the preprocessed version. Segments that are fully within the text area provided by
the OCR will be removed by setting the color of those segments to the background
color. This produces the final segments that are used by the VLM in the next step.
The resulting segments are illustrated on the right in Figure 3.5.

3.4.3 Classifying Multiple Segments at Once
Instead of querying the VLM once for each segment, multiple segments can be clas-
sified simultaneously. The eight colors of red, blue, green , yellow, orange, purple,
cyan, and pink were identified as distinct from each other as well as distinct from
the white background and black shapes in the schematic, see Figure 3.6. This en-
ables eight segments to be uniquely marked when sent to the VLM. The colors are
selected for high visual distinguishability. Selecting colors is a tradeoff between the
number of segments that can be classified in parallel and how visually different the
colors are. The colors also need to have clear names to make it unambiguous when
the prompt is referencing the colors in the image. The choice of colors is inspired
by the default colors of two visualization tools [47, 48]. But where the contrast has
been increased for more distinct RGB values, as seen in Table 3.3.

Figure 3.6: The colors used for coloring the segments.

Table 3.3: RGB values for the eight colors.

Color Red Green Blue
red 100% 0% 0%
blue 0% 0% 100%
green 0% 69% 31%
yellow 100% 100% 0%
orange 100% 50% 0%
purple 50% 100% 50%
cyan 0% 100% 100%
pink 100% 0% 100%

The segments are organized into groups of at most eight segments. This is done by
applying a special version of k-means clustering where the clusters can be limited by
their maximum size [49]. It has a complexity of O(n4 log(n)), where n is the number
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Figure 3.7: Eight segments colored in distinct colors.

of points being clustered. The 2D coordinates of the segments center points are pro-
vided to the clustering algorithm. The number of clusters is calculated as the number
of segments divided by seven, rounded down to the nearest whole number, resulting
in approximately seven segments per group on average. Due to the segments being
clustered by their position, it results in groups of segments that are spatially close to
each other. Figure 3.7 is an example of a group of eight segments clustered together.

(a) Without redundancy. (b) With redundancy.

Figure 3.8: Clustering with and without redundancy.

The combination of at most eight segments per group and an average close to seven
offers the clustering algorithm more flexibility when clustering. If the number of
segments are set so that all clusters contain at most eight segments, then a few
segments located far from any other segments must be grouped with distant seg-
ments. This would create groups of segments that are not close to each other. But
by adding some redundancy in the number of clusters, the algorithm can afford to
create half-filled clusters to outliers, potentially leading to more compact clusters.
This is illustrated by the example in Figure 3.8. When each cluster has to contain
exactly four points, the blue cluster includes an outlier. But when an extra cluster
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is added, the redundancy leads to more compact clusters.

3.4.4 Classifying Segments
For classification, the VLM is given three images and a text prompt. The first two
images of the P&ID are the preprocessed schematics where the text is removed,
and the segments being classified are colored, each with a unique color. The only
difference between the first and second images is that the first is a large crop and the
second is a close-up crop, as can be seen in Figure 3.7. The purpose of the big crop
is to give more context and the close-up crop provides the details. The third image
is a close-up crop of the same area but in the original image. Due to the VLM
having a maximum token capacity for an image, not all details will be preserved
[50]. For a big crop, a reduction in quality can remove important information from
the area of interest. This is why the close-up crop provides a more focused image
where the tokens only describe the area of interest. During the preprocessing, the
OCR removes the segments constituting text. In order to still include the textual
information, the model is provided with a third image of the original image.

The text prompt provides instructions on how to classify each segment and lists what
is considered a symbol and what is not. This includes textual examples, explaining
that valves and tanks are symbols, while pipes are not symbols. There are no image
examples to keep it is zero-shot. The full segment classification prompt can be seen
in the appendix. A substantial part of the prompt is information surrounding the
coloring of segments. It clarifies that all segments were originally black and that the
colors do not have any meaning, as they exist solely to target the prompt.

The prompt also contains information on the location of the segments. The first
piece of positional information is the bounding boxes of each colored segment. The
bounding boxes are expressed in relative coordinates for the close-up crop. The
second piece is the information about which colored segments are adjacent to each
other. Examples of the bounding box prompt and adjacency prompt are found in
the appendix. The purpose of this information is to provide extra clarity if the VLM
were to struggle with identifying small segments or distinguishing between the colors.

Finally, the VLM is prompted to write out its reasoning in one sentence per segment
and then answer the classification task in JSON format. In the JSON output, each
color is classified as either symbol or other, where other being the category for non-
symbols. If the VLM cannot identify a segment, it is instructed not to include it in
the output.

3.4.5 Joining Symbol Segments
The symbol segments classified as part of a symbol by the VLM are further pro-
cessed into symbol components. Symbol components are a collection of segments
that belong to the same symbol. This part relies on the assumption that two symbol
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segments adjacent to each other belong to the same symbol. Hence, adjacent symbol
segments are joined. Two segments are considered adjacent if there is a pixel in one
segment that is 8-connected to a pixel in the other segment.

Figure 3.9: A part of a P&ID from Dataset PID where segments classified as
symbols are colored red and the others are green.

Figure 3.10: A part of a P&ID from Dataset PID with the bounding boxes derived
from the classified segments. The predicted bounding boxes are red and the ground
truth is green. The blue numbers are indices for each prediction.

It is from the symbol component that the bounding boxes are derived, with each
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symbol component resulting in a matching bounding box. The height, width and
position of a bounding box are set to precisely fit all pixels associated with a symbol
component. The output of the symbol detection step consists of symbol components
and their corresponding bounding boxes. The classified segments are visualized in
Figure 3.9, and the corresponding bounding boxes are in Figure 3.10.

However, joining adjacent segments can only produce symbol components that are
connected components. Thus, a symbol consisting of multiple parts separated by
gaps will result in multiple symbol components. This is a limitation of only relying
on joining adjacent segments, and is the reason for the merging of symbols in the
next step of the digitization pipeline.

3.5 Symbol Merging

The merge step is an optional refinement step in the digitization pipeline. It is
provided with the symbol components from the previous step and uses the VLM to
determine which symbol components should be merged. As mentioned in Section
3.4.5, if there is a gap between two parts belonging to the same symbol, they will
not become part of the same symbol component, thus requiring the merge step.
An example of this situation is illustrated in Figure 3.11, where the green symbol
component should be merged with the blue symbol component while the red compo-
nent belong to another symbol. Another reason for merging symbol components is
that the segment classifier can misclassify symbol segments, creating gaps between
symbol segments belonging to the same symbol. In the merging step, each symbol
component is investigated individually to find other symbol components it should
be merged with.

Figure 3.11: An example of the image sent to the VLM for the merge step of
the green symbol component. Where the red and blue symbol components are the
components within the search radius it can be merged with.
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3.5.1 Identifying Potential Components to Merge
The merging step also relies on the eight distinct colors visualized in Figure 3.6.
The symbol component being investigated is colored green, leaving seven colors
for the surrounding symbol components that will potentially be merged with the
green symbol component. The surrounding symbol components are selected within
a search radius. If there are more than seven symbol components within the search
area, it selects the seven closest, measured by the distance between their center
points.

search radius = max(bounding box diagonal, 0.01 · schematic diagonal) (3.1)

The search radius is calculated by the maximum of the diagonal of the bounding
box for the symbol component of interest and one percent of the entire schematic’s
diagonal. The search radius is defined in relation to the size of the symbol component
and the size of the schematic to make the digitization pipeline scale invariant. This
is necessary for it to handle schematics of different resolution and magnification.
The combination of selecting at most seven components and the search radius is the
method employed to restrict merging to near by symbol components. This limits
the merging to relevant symbol components in proximity to each other.

3.5.2 Merging Components with VLMs
The VLM performs the assessment of which symbol components should be merged
together. The VLM is provided with two different crops of the preprocessed P&ID,
where the symbol components have been colored in unique colors. Similar to the
segment classification, the prompt clarifies that the color does not have any mean-
ing in the schematic. it is only used to guide the prompt. The VLM writes out its
reasoning and positional information is provided in the form of bounding boxes for
each symbol component. Contrary to the segment classification, the preprocessed
images contain text information. Hence, there is no need for a third image with text.

The prompt instructs the model to merge symbol components that belong to the
same symbol with the full prompt available in the appendix. It is instructed to
output mappings between the colored symbol components in the following format:
{’red’:’green’, ’blue’:’green’}. This is an example of how it is supposed to answer
that the red and green symbol components should be merged, as well as the blue and
green. The symbol component of interest is green, and the VLM is only meant to
output potential merges with green. Proposed merging between two other colored
symbol components will be ignored. For the example in Figure 3.11, the desired
output would be {’blue’:’green’}, because only the blue symbol component should
be merged with the green. If the output were to include {’blue’:’red’}, it will be
ignored because the merge step is analyzing one symbol component at a time, and
it is the green symbol component that is being analyzed.
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The VLM is used once per symbol component to find which neighboring symbol
components it should be merged with. In the scenario where there are two symbol
components A and B. When A is analyzed, the VLM determines that it should be
merged with B. But when B is analyzed, it does not propose any merge between
B and A. In this scenario, the two segments will merge because there is no need
for a double approval on a merge. In the scenario of three symbol segments A, B
and C. If the VLM merges A with B and B with C, then all three will be merged
together. This also applies when there are more than three symbol components that
are merged together.

The output of the merge step is the merged symbol components as well as their
corresponding bounding boxes. This is the same output format as the symbol de-
tection step, which is the reason the merge step being an optional step that refines
the result from the symbol detection.

3.6 Symbol Classification
The final step of the digitization pipeline is the symbol classifier. The symbol clas-
sification requires the symbol component for the detected symbols and a list of the
categories it will use for classification.

(a) Valve. (b) Outlet. (c) Instrumentation.

Figure 3.12: Close-up crops used for symbol classification of detected symbol
components of a valve, outlet and instrumentation symbol.

The VLM is provided with two images of the preprocessed P&ID, where one is a
close-up crop and the other is a larger crop for more context. The images only
contain one colored symbol component for the symbol being classified. The prompt,
which can be found in the appendix, is also similar to the merge prompt regarding
clarifications about the colored segments and a bounding box for the colored sym-
bol component. Figure 3.12 shows examples of the close-up crops with highlighted
symbol components.

The VLM is instructed to find the best suited category for the symbol component,
which is the only colored part in the two image inputs. All three datasets include
a miscellaneous category named general, which is the most vague category because
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it could include any symbol. For this reason, the model is instructed to classify a
symbol component as general only if none of the other categories match.

3.7 Evaluation
The digitization pipeline is evaluated on both symbol detection and symbol clas-
sification capabilities. The predicted bounding boxes are paired with the ground
truth so that the sum of the IoU of the paired bounding boxes is maximized, solving
the assignment problem. In line with previous research, a threshold of 0.5 is used
for a prediction to be accepted as a true positive. Due to the digitization pipeline
outputting bounding boxes before and after the merge step, both are evaluated.

F1 = 2
1

recall + 1
precision

= 2 · precision · recall
precision + recall (3.2)

The evaluation measures for symbol detection are precision, recall and F1 score.
The evaluation metrics can also be recorded at multiple IoU thresholds. For symbol
classification, accuracy is the only metric. In case the symbol classifier outputs an
answer that matches none of the categories, it will be counted as a false positive.
When the symbol classifier is evaluated on a dataset, it will be provided with a list
of all symbol categories in that dataset.

The symbol classification is performed on all symbol components from the symbol
detector. But for evaluating the classifier, only symbol detections that pass the
0.5 IoU threshold are used to evaluate the symbol classifier. The classifier cannot
be assessed on classifying symbols that do not exist, which is why only detected
symbols that pass the threshold are used for the evaluation.
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4
Results

In this chapter, the results from the evaluation of the symbol detector and symbol
classifier are presented. It includes how the symbol detector performed on the dif-
ferent datasets, as well as the impact of the merge step and position information
in the prompts. The performance of the classifier is also presented for the different
datasets and for each symbol type.

4.1 Symbol Detection

Figure 4.1: Performance for the symbol detector.

Figure 4.1 shows the average recall and precision per dataset for different IoU thresh-
olds. The dashed lines represent precision, and the solid lines represent recall. For
all three datasets, the precision is never higher than the recall for every IoU thresh-
old. For all IoU thresholds between 0.05 and 0.85, PID2Graph Synthetic has the
highest performance, while PID2Graph OPEN100 has the lowest.
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Standard detection refers to bounding boxes derived from the classified segments,
and detection merged refers to the bounding boxes produced by the merge step.
The performance of these two variant of symbol detection is gathered in Table 4.1.

Table 4.1: Symbol detection performance.

Detection Dataset Recall Precision F1
Standard PID2Graph OPEN100 40.1% 36.8% 38.4%
Standard PID2Graph Synthetic 81.9% 63.5% 71.5%
Standard Dataset PID 60.8% 53.2% 56.7%
Merged PID2Graph OPEN100 39.6% 51.7% 44.8%
Merged PID2Graph Synthetic 83.8% 85.1% 84.5%
Merged Dataset PID 67.2% 74.9% 70.9%

4.1.1 Symbol Detection after Merging
After the merge step, the recall is never higher than the precision for any dataset
at any IoU threshold. As presented in Table 4.1, the merge step increased the
performance of all evaluation metric for the three datasets, with the only exception
being the recall for PID2Graph OPEN100, which decreased by 0.11 percentage point.
Figure 4.2 shows the performance for the symbol detector for different IoU threshold
after the merge step has being applied. Table 4.1 lists the evaluation metrics for the
three datasets before and after the merge steps for an IoU threshold of 0.5.

Figure 4.2: Performance for the symbol detector after the merge step.
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Table 4.2: Share of symbols found only before, or after the merge step, as well as
those never found, and those found both before and after the merge step.

Found PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
Never 55.0% 16.1% 31.4%
Before 5.5% 0.1% 1.3%
After 5.0% 2.1% 7.8%
Both 34.6% 81.8% 59.4%

In Table 4.2, the share that is detected only after merging shows the share that was
found due to the merge step. The share of symbols only found before merging is the
share of symbols that were detected by standard detection but were later destroyed
by the merge step.

4.2 Symbol Classification
The accuracy of the symbol classifier is presented in confusion matrices for all three
datasets in Figure 4.3, 4.4 and 4.5. The symbol classifier is evaluated on the detected
symbol before and after the merge step. The confusion matrices on the left are
in percentages and in absolute numbers on the right. The category none, in the
confusion matrices, is for predictions that match none of the categories.

(a) Classifier on standard detections. (b) Classifier on standard detections.

(c) Classifier on merge detections. (d) Classifier on merge detections.

Figure 4.3: Confusion matrices for classification on PID2Graph OPEN100.
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(a) Classifier on standard detections. (b) Classifier on standard detections.

(c) Classifier on merge detections. (d) Classifier on merge detections.

Figure 4.4: Confusion matrices for classification on Dataset PID.

(a) Classifier on standard detections. (b) Classifier on standard detections.

(c) Classifier on merge detections. (d) Classifier on merge detections.

Figure 4.5: Confusion matrices for classification on PID2Graph Synthetic.
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PID2Graph OPEN100 has six categories, Dataset PID has three, and PID2Graph
Synthetic has four. Valve and general are the only categories that exist in all three
datasets. Across all confusion matrices, the lowest performing category is general.
The total accuracy for the three datasets for the classification of symbols with and
without the merge step is presented in Table 4.3. Acc. is the total accuracy across
the entire dataset. In Table 4.3, S and M indicate whether the classifier is performed
on the standard or merge detections, respectively. Error Gen. is the share of all
misclassifications that involved the general category. Involved symbols include sym-
bols that were misclassified as general and general symbols that were misclassified.
Gen. Share is the share of all symbols within a dataset that belong to the category
general. Non-Gen. Acc. is the accuracy of the classification if all misclassifications
involving the general category is excluded.

Table 4.3: Classification performance.

Dataset Acc. Error Gen. Gen. Share Non-Gen. Acc.
PID2Graph OPEN100 - S 84.1% 80.9% 14.1% 96.4%
PID2Graph OPEN100 - M 81.1% 79.7% 17.9% 95.3%
PID2Graph Synthetic - S 64.7% 93.2% 77.6% 89.3%
PID2Graph Synthetic - M 64.4% 93.4% 77.4% 89.7%
Dataset PID - S 86.4% 85.9% 22.2% 97.5%
Dataset PID - M 85.9% 85.5% 26.2% 97.2%

4.3 Symbol Type and Detection Performance
Table 4.4 presents the recall for each category for the standard detection of sym-
bols. Similarly, table 4.5 lists the recall per category for the merge detection. The
tables show that despite the merge step decreased the overall recall on PID2Graph
OPEN100, it increased for tanks and general symbols. It also show that the merge
step decreased the recall for valves on PID2Graph OPEN100 whereas it increased
for valves in PID2Graph Synthetic and Dataset PID.

Table 4.4: Recall for standard detection per symbol category.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
General 13.2% 85.3% 38.3%
Instrumentation 47.7% N/A 75.9%
Valve 31.1% 41.2% 69.2%
Tank 57.1% 90.3% N/A
Inlet & Outlet 91.7% N/A N/A
Pump 62.5% 93.7% N/A
Total 40.1% 81.9% 60.8%
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Table 4.5: Recall for merge detection per symbol category.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
General 18.8% 86.7% 51.8%
Instrumentation 44.3% N/A 80.0%
Valve 30.0% 46.2% 71.6%
Tank 62.9% 92.5% N/A
Inlet & Outlet 86.5% N/A N/A
Pump 62.5% 96.2% N/A
Total 39.6% 83.8% 67.2%

4.4 Symbol Size and Symbol Proximity Related
to Detection Performance

Recall in relation to symbol size is visualized in Figure 4.6. The symbols have
been divided into deciles on the area of each symbol’s bounding box. The merge
step increased the recall of the smallest 10% of symbols in Dataset PID by over
30 percentage points. Symbol detection across all three datasets has the lowest
performance on the smallest decile which also stays true after the merge step has
been applied. For PID2Graph OPEN100 and PID2Graph Synthetic, their difference
in recall is smaller at the lowest and highest decile than for the middle deciles. The
merge detection for Dataset PID has the smallest difference in recall between its
best and worst performing decile.

Figure 4.6: Recall per decile measured by symbol size.
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Figure 4.7: Recall per decile measured by the a symbols proximity to its closest
symbol.

Figure 4.7 illustrates how proximity of a symbol to other symbols is related to de-
tection performance. The symbols have been divided into deciles by the distance
from their closest symbol. The distance is the shortest distance between the bound-
ing box of a symbol and any other bounding box in the schematic. PID2Graph
OPEN100 had the biggest difference in recall between the best and worst perform-
ing decile. For both standard detection and merge detection, PID2Graph Synthetic
is the best performing dataset for every decile. For the 10th decile (the symbols
with the most space around them), PID2Graph OPEN100 has higher recall than
Dataset PID while the recall across the entire dataset is the opposite.

Table 4.6: Symbol diagonal measured in pixels per dataset.

Dataset Median Mean Standard deviation
PID2Graph OPEN100 49.5 75.9 96.7
PID2Graph Synthetic 97.1 94.8 34.0
Dataset PID 54.6 56.1 17.7

Table 4.6 lists the mean and median symbol size as well as the standard deviation
for each dataset. It measures symbols size as the diagonal of the bounding box
of a symbol. PID2Graph Synthetic has on average larger symbol but PID2Graph
OPEN100 has the highest variance in symbol size. Table 4.7 show that PID2Graph
OPEN100 has on average the shortest distance to its nearest symbol.
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Table 4.7: Symbol proximity measured in pixels per dataset.

Dataset Median Mean Standard deviation
PID2Graph OPEN100 9.0 21.1 42.4
PID2Graph Synthetic 181.1 200.9 132.0
Dataset PID 47.7 58.0 43.7

4.5 Location Guided Prompting

As described in Chapter 3, the segment classification prompt and the merge prompt
include location information in the form of bounding boxes associated with each
colored segment. The segment classification prompt also includes adjacency infor-
mation, which is another form of location information. Table 4.8 presents the per-
formance of the symbol detector with and without the merge step, when location
information is not provided in the prompt.

Table 4.8: Detection performance without bounding box prompts

Detection Dataset Recall Precision F1
Standard PID2Graph OPEN100 41.8% 37.6% 39.6%
Standard PID2Graph Synthetic 82.6% 58.7% 68.6%
Standard Dataset PID 65.9% 55.4% 60.2%
Merged PID2Graph OPEN100 37.7% 49.4% 42.8%
Merged PID2Graph Synthetic 85.0% 83.5% 84.2%
Merged Dataset PID 69.8% 76.9% 73.2%

Table 4.8 has the same IoU threshold of 0.5 as Table 4.1, which lists the detection per-
formance with location information in the prompts. The difference in performance
is presented in Table 4.9. With location information removed, recall increased across
all three datasets for standard detection. The precision decreases or increases with
location information depending on the dataset used for evaluation.

Table 4.9: Performance difference in symbol detection after removing location
information in the prompts. The difference is measured in percentage points (pp).

Detection Dataset ∆ Recall ∆ Precision ∆F1
Standard PID2Graph OPEN100 1.7pp 0.8pp 1.3pp
Standard PID2Graph Synthetic 0.7pp -4.8pp -2.9pp
Standard Dataset PID 5.1pp 2.3pp 3.5pp
Merged PID2Graph OPEN100 -1.8pp -2.2pp -2.0pp
Merged PID2Graph Synthetic 1.1pp -1.6pp -0.2pp
Merged Dataset PID 2.6pp 2.0pp 2.3pp
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4.6 Detailed Examples

4.6.1 Segment classification

(a) The colored segments. (b) Unprocessed image.

Figure 4.8: Examples of segments being classified for symbol detection.

The colored segments in Figure 4.8 lead to the following output of the segment clas-
sifier:

- The red segment is part of a valve symbol, which is a symbol.
- The blue segment is part of a valve symbol, which is a symbol.
- The green segment is part of a symbol, specifically a PSV (Pressure

Safety Valve) symbol.
- The yellow segment is part of a pipe, which is a non-symbol.
- The orange segment is part of a symbol, specifically a PSV (Pressure

Safety Valve) symbol.
- The purple segment is part of a valve symbol, which is a symbol.
- The cyan segment is part of a pipe, which is a non-symbol.
- The pink segment is part of a symbol, specifically a PSV (Pressure

Safety Valve) symbol.
‘‘‘json
{

"red": "symbol",
"blue": "symbol",
"green": "symbol",
"yellow": "other",
"orange": "symbol",
"purple": "symbol",
"cyan": "other",
"pink": "symbol"

}
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Each segment is classified as either symbol or other (non-symbol). The VLM also
reasons in one sentence per segment. The VLM correctly classifies the yellow and
cyan colored segments as non symbols. The circles are instrumentation symbols, and
the two instances where two triangles point towards each other are valve symbols.
The VLM manages to extract text from the image and use it in its reasoning.

4.6.2 Segment Unsuccessfully Not Merged
Figure 4.9 shows a tank symbol consisting of multiple unconnected parts. The sym-
bol detector has identified some of those segments but not all. The merge step
merged parts in the lower third of the tank together. But none of the resulting
bounding boxes has in IoU of at least 0.5, resulting in the tank not being counted
as detected.

The merge step does not produce any bounding box with the required IoU for the
tank symbol to be counted as detected. However, it reduces the number of bounding
boxes from 13 to 8, resulting in fewer false positives in the evaluation, improving
the precision.

(a) Before merge step. (b) After merge step.

Figure 4.9: The symbol detection before and after the merge step for a tank in a
P&ID from the PID2Graph OPEN100 dataset. The green box is the bounding box
of the ground truth and the red boxes are the predictions.

Figure 4.10 shows the result of the symbol classifier on the tank, both before and
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after the merge step. After the merge step, the symbol classifier correctly predicts
all identified parts to be part of a tank. But the symbol classifier predicts two parts
to be general symbols when using the symbol detections before the merge step.

(a) Before merge step. (b) After merge step.

Figure 4.10: Symbol classification on the results from the symbol detector before
and after the merge step. The blue text show the predicted classes for the parts of
a tank in a P&ID from the PID2Graph OPEN100 dataset.

4.6.3 Entire Symbols Merged
The way in which the merge step impacts symbol detection is visualized in Figure
4.11. Bounding boxes 34 and 42 are merged, as well as 35 and 43. These are ex-
amples of how the merge step merges detections that belong to the same symbol,
producing bounding boxes with a higher IoU than before the merge step.

There are also instances where the merge step takes two correctly detected sym-
bols and merge them together, resulting in neither being detected, such as the two
valves found in bounding box 69 and 70 in Figure 4.11. Another example is seen
in bounding box 46 and 51 or 47 and 54 where a valve and an instrumentation are
merged.
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(a) Standard detection where the red bounding boxes are the prediction
and the green bounding boxes are the ground truth.

(b) Symbol detection after the merge step.

Figure 4.11: Example of symbol detection before and after the merge step in a
part if a P&ID from a schematic in the PID2Graph OPEN 100 dataset.

4.7 Number of VLM Queries
The digitization pipeline divides schematics into segments, which are grouped, where
each group requires one query for the VLM to classify all segments. This sec-
tion presents the number of VLM queries at different stages of the pipeline for the
datasets. The number of segments are presented in Table 4.10.

Table 4.10: Number of segments per dataset and average number of segments per
schematic per dataset.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
Segments 8224 30920 68663
Seg. Avg. 685.3 618.4 1373.3
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4.7.1 Queries for Standard Detection and Classification
Standard detection involves segment classification for symbol detection, and symbol
classification is performed for every detection. Some detections are false positives
that the symbol detector mistakes for being symbols, but they are still classified be-
cause the model itself cannot determine which detections are faulty. Each detection
requires one query to classify it as one of the symbol types.

Table 4.11: VLM queries per step in the pipeline for standard detection and
classification as a share and in absolute numbers within the parenthesis.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
Detection 52.1% (1169) 75.2% (4397) 68.9% (9788)
Classification 47.9% (1076) 24.8% (1450) 41.1% (6834)
All 100% (2245) 100% (5847) 100% (16622)

Table 4.11 lists the number of queries to perform standard detection and classi-
fication per dataset. Whereas Table 4.12 lists the average number of queries per
schematic for each dataset.

Table 4.12: Average number of VLM queries per schematic per step in the pipeline
for standard detection and classification as a share and in absolute numbers within
the parenthesis.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
Detection 52.1% (97.4) 75.2% (87.9) 68.9% (195.8)
Classification 47.9% (89.7) 24.8% (29.0) 41.1% (136.7)
All 100% (187.1) 100% (116.9) 100% (332.4)

4.7.2 Queries for Merge Detection and Classification
For merge detection, the merge step requires additional queries to the VLM, but it
also reduces the number of VLM queries in the classification step. The merge step
is only applied for symbol components that have other symbol components within
the search radius. Hence, the number of requests associated with the merge step is
not proportional to the number of symbol components but rather to the extent to
which they are within the search radius of each other.

Table 4.13: VLM queries per step in the pipeline for merge detection and classifi-
cation as a share and in absolute numbers within the parenthesis.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
Detection 44.6% (1169) 73.2% (4397) 54.0% (9788)
Merge 26.5% (695) 8.3% (500) 16.4% (2983)
Classification 28.9% (757) 18.4% (1107) 29.6% (5364)
All 100% (2621) 100% (6004) 100% (18135)
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Table 4.13 lists the number of queries to perform merge detection and classification
per dataset. Whereas Table 4.14 lists the average number of queries per schematic
for each dataset.

Table 4.14: Average number of VLM queries per schematic per step in the pipeline
for merge detection and classification as a share and in absolute numbers within the
parenthesis.

Category PID2Graph OPEN100 PID2Graph Synthetic Dataset PID
Detection 44.6% (97.4) 73.2% (87.9) 54.0% (195.8)
Merge 26.5% (57.9) 8.3% (10.0) 16.5% (59.7)
Classification 28.9% (63.1) 18.4% (22.1) 29.6% (107.3)
All 100% (218.4) 100% (120.1) 100% (362.7)
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Discussion

This chapter investigates the strengths and weaknesses of the proposed zero-shot
digitization pipeline for P&IDs by examining the effectiveness of the symbol detec-
tor and classifier. The thesis is an exploratory work investigating how VLMs can be
utilized for domain specific zero-shot document understanding.

Zero-shot P&ID digitization enables more flexible digitization that can handle new
symbols and overcome the limited amount of publicly available annotated data. The
use of VLMs makes the pipeline more flexible because it can be easily adapted by
changing the prompt. This is an advantage over deep learning models that have to
be retrained to adapt to new symbols.

5.1 Symbol Detection

At the core of the digitization pipeline is a novel approach to transforming the task
of symbol detection into a classification problem that can be answered by a VLM.
By dividing schematics at the junctions in the skeleton, there will be more segments
for more complex schematics. Thus, more complex schematics requires more VLM
queries, increasing the computational cost. But simultaneously, dividing schematics
into segments also makes it adaptable to schematics of varying complexity, size and
resolution.

The symbol detector performs differently on the three datasets. The strongest per-
formance is seen on PID2Graph Synthetic, which achieves a recall of 82% without
the merge step. With the merge step, it achieves 84% recall and 85% precision. The
symbol detections for PID2Graph Synthetic also perform well even for IoU thresh-
olds above 0.5. With the merge step applied, the recall is 80% for an IoU threshold
at 0.75 and more than 70% when the IoU threshold is set to 0.9, see Table 4.2.
This indicates that the bounding boxes are very accurate. However, PID2Graph
OPEN100 is the worst performing dataset with 40% recall, and it is the only non-
synthetic dataset. Dataset PID is also synthetic and achieves a recall of 67%, but
it is by far the dataset with the most symbols among the three, as was previously
shown in Table 3.2.
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5.1.1 The Impact of the Merge Step
The most significant impact of the merge step is the increase in precision seen in
Table 4.1. Dataset PID benefits the most from merging, increasing the recall with
6.5 percentage points and the precision with 21.7 percentage points. The recall is
further examined in Table 4.2, which shows that some detected symbols only reach
the IoU threshold of 0.5 before the merge step while others only reach the threshold
after merging. It demonstrate that the merge step can both improve and worsen the
detection of individual symbols even though the merge step clearly increased the F1
score on all three datasets.

For PID2Graph OPEN100 the merge step worsens the recall slightly while at the
same time improving the precision significantly. Section 4.6.3 explains when how
merging of symbols can cause correctly detected symbols to merge into faulty de-
tections, reducing the recall. There are two main explanations for how the merge
step can increase the precision without improving the recall. One explanation is
visualized in the example in Figure 4.9 in section 4.6.2, where the merging of faulty
detections leads to fewer faulty detections. Another explanation is that bounding
boxes that already reaches the required IoU are merged with a small faulty detec-
tions nearby, resulting in a new bounding boxes that also satisfies the IoU threshold.
In this scenario, the merge step only removes a small faulty detection, which im-
proves the precision without impacting the recall.

The search radius in the merge step restricts merging to symbol components that
are close to each other. The decline in performance for one of the datasets due to the
merge step indicates that the merging has issues. By removing the search radius,
it risks merging more symbol components that do not belong to the same symbol,
which is already a problem, as seen in Figure 4.11. One possible approach would be
to classify all symbol components and only allow components of the same category
to be merged. However, this does require a high performing symbol classifier because
the mistakes of the symbol classifier and merge step will compound.

5.1.2 Symbol Size and Density Impacting Performance
The symbol detector performs poorly on small symbols, with the only exception
being Dataset PID after the merge step was applied. On PID2Graph OPEN100,
the recall for the smallest 10% of all symbols is around one percent before the merge
step, as seen in Figure 4.6. Hence, it is unable to detect the smallest symbols. For
the largest 10% of symbols in the same dataset, the recall is 70% before the merge
step. Even for PID2Graph Synthetic, where the recall for the entire dataset is 82%
before the merge step, the smallest 10% of symbols only achieves a recall of 20%.
This stark relationship between symbol size and performance can have many causes.
One possibility is that the resolution is too low to detect the fine details that are
necessary to find the smallest symbols. Other possibilities are that the smaller sym-
bols have few characteristic traits, or that small symbols are mistaken for being part
of larger nearby symbols.
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Another variable impacting symbol detection is a symbols proximity to other sym-
bols, illustrated in Figure 4.7. For PID2Graph OPEN100, the recall of the detection
after the merge step has a difference of more than 55 percentage points between the
second and tenth deciles. The tenth decile is the best performing and includes the
10% of symbols that are the furthest away from any symbol. This is unlike the
other two datasets, where the recall is fairly constant across all deciles. Symbols
with a short proximity distance are located in denser regions, whereas symbols with
longer distances to their nearest neighbor are more isolated. Thus, this indicates
that regions with high symbol density are making it more difficult for the symbol de-
tector. For the 10% most isolated symbols, PID2Graph OPEN100 even outperforms
Dataset PID. A possible interpretation of Figure 4.7 is that PID2Graph Synthetic
and Dataset PID are sparse enough for the model, even in their densest areas. But
for PID2Graph OPEN100, only the most sparse deciles are sparse enough for the
model to detect a high proportion of the symbols.

5.1.3 Prompt with Location Information
The prompts include the bounding boxes, and the segment classification prompt
also includes adjacency information as described in the methodology. Table 4.9
lists the change in performance when the location information is removed from the
prompts compared to when it is included. The table shows instances where the
recall increases while the precision decreases and vise versa, and where both metrics
increase and decrease. It all depends on which dataset it was evaluated on and
whether the merge step was applied or not. Hence, there is no clear advantage or
disadvantage to including location information in the prompt, except the prompt
being longer.

5.2 Symbol Classification
The result of the symbol classifier is mainly illustrated in the confusion matrices in
Figure 4.3, 4.5 and 4.4. The main problem for the symbol classifier is the general
category, which consistently underperforms the other symbol categories across all
confusion matrices. The general category is a collection of all remaining symbols
that do not match standard P&ID categories. This indicates that for VLMs to ef-
fectively classify symbols, it is better to have clear categories defined by what they
are, instead of what they are not.

A remarkable result regarding accuracy is that the symbol classifier performs worse
when classifying symbols found with merge detection than with standard detection,
as seen in Table 4.3. The symbol classifier is only evaluated on the detected sym-
bols that reach an IoU threshold of 0.5. The degradation in symbol classification
indicates that the merged detections reaching the threshold are of lower quality
than the non-merged detections reaching the threshold. However, the performance
metrics illustrated in Figure 4.1 and 4.2 show no indications that merge detection
would have worse recall for higher IoU thresholds. Hence, merge detection produces
better detections in terms of overlap between the predictions and ground truth. A
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possible explanation is that the symbol classifier is capable of correctly predicting
the category, even when given a small fragment of a symbol, as seen in Figure 4.10.
Therefore, the symbol classifier can perform well even if the symbol detector under-
estimates the size of a symbol. But if the symbol detector overestimates the size of
a symbol, it might risk including parts of nearby symbols, which negatively impact
the symbol classifier.

5.3 Visual Prompting
The thesis is based on visual prompting using colors to mark multiple areas with
precision, which can also be differentiated by the VLM. The number of unique colors
used limits the number of areas that the VLM can analyze per query. Utilizing other
techniques for marking could enable the full potential of VLMs, allowing more work
per query. The colors used in the thesis were selected for their visual contrast and
the clear names used to reference them in the text prompt. But VLMs might differ-
entiate colors differently than humans, thus having the potential for more efficient
use of colors.

The visual prompting used differs from approaches that highlight large areas or
make a mark around the area of interest. By coloring the segments themselves,
multiple adjacent segments can be differentiated without creating a clutter of marks
that obscures the segments. The prompting does not require any names of the
objects being marked because they are only referenced by color. Another potential
technique is to add labels with numbers in the image to reference multiple areas in
a single prompt [51]. But the labels in this approach risk obscuring the segments.

5.4 Limitations
There are multiple limitations to the thesis. One of them being how the evaluation
of the thesis is limited to the publicly available annotated datasets, which consists
mostly of synthetic data. The 12 P&IDs in PID2Graph OPEN100 are the only
non-synthetic schematics, and these P&IDs are all from a single project. It would
be beneficial to examine the digitization pipeline on annotated schematics from a
range of projects and industries. The lack of annotated real-world data remains a
limitation for research about P&ID digitization.

During the segment classification, segments are clustered into groups to be classified
together in a single VLM query. The computational complexity of O(n4 log(n)) for
the clustering algorithm being used is not sustainable for larger schematics with
more segments. The goal of the clustering algorithm is to group segments that are
best suited to be classified together, which is itself a complex task that deserves
further investigation. The constrained k-means algorithm achieves groups with a
maximum number of segments, where segments within a group are closely located
to each other. But there are numerous ways to perform this clustering, some of
which might outperform the current algorithm.
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After the segments have been classified as either part of a symbol or not, segments
directly adjacent to each other are joined into symbol components. This is the most
questionable assumption in the thesis because it disregards the scenario where two
symbols are touching each other and will thus be joined automatically. This could
also explain some of the impact of proximity distance on performance seen in Fig-
ure 4.7. The alternative would be to replace the automatic joining with a segment
wise merge step. But this would require one VLM query per segment, which would
sharply increase the computational cost of the digitization pipeline.

The thesis is focused on zero-shot detection, which has the advantage of not requir-
ing any examples. Examples also risk introducing bias. The prompts do include
textual examples but do not introduce any preconceptions about how the symbols
look. However, few-shot learning could serve as a way to clarify instructions and
improve performance. Just like zero-shot, few-shot learning is also more flexible and
adaptable than training or fine tuning deep learning models. The zero-shot approach
limits itself to the pretrained knowledge of the VLM. A few examples could thus be
highly beneficial for domain specific tasks such as analyzing P&IDs.

The proposed digitization pipeline is computationally demanding, querying the VLM
more than 360 times on average for a single P&ID in Dataset PID according to Ta-
ble 4.14. The evaluation of the digitization pipeline includes segment classification,
the merge step, and symbol classification of the detections derived with and with-
out the merge step. The investigation of the effect of location information in the
prompt, displayed in Table 4.9, required segment classification and the merge step
to be evaluated without location information. The result presented in this thesis
demanded over 55 000 VLM queries, each containing two or three images. However,
within each step of the pipeline, the VLM requests can be performed in parallel
for fast digitization. The VLM used is a distilled model with internal reasoning
disabled. The proposed pipeline would be run with more demanding models to
improve performance but at a higher computational cost. As VLMs continue to
improve, approaches similar to the digitization pipeline proposed in this thesis will
become more viable.

5.5 Future Work
There are many areas within the digitization of industrial schematics that can be
improved in future work. If more extensive datasets become available, fine-tuning
VLMs for the domains of P&IDs could become a feasible approach. This would give
the VLMs more domain knowledge.

Another area to be improved is prompt engineering. One technique is automated
prompt learning to derive the best format for prompts for a given task. Prompt engi-
neering also includes few-shot learning, as described earlier, which has the potential
to improve performance. Instead of providing a few input-output examples, as is
done in few-shot learning, another approach would be to provide visual examples of
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symbols to clarify what kind of symbols it should look for. For symbol detection,
reference-based approaches, where the model knows exactly which symbols it should
identify, are also an area for future research.

The proposed pipeline divides the digitization task into small tasks that are solved
with a VLM. Future work could investigate how to leverage VLMs and other com-
puter vision techniques for deciding how to break down and solve the problem. This
could be approached with agentic AI to create a less rigid solution compared to the
proposed pipeline.

The thesis is based on visual prompt engineering with multiple colors that enable
VLM prompts to reference multiple distinct areas in an image. Future work could
investigate which colors are the most distinct for VLMs, how many colors can be
referenced per query, and how accurate the referencing is. Another avenue is to
investigate other techniques for referencing multiple objects in an image.

Finally, despite the thesis focusing on P&IDs, similar approaches could be used
within other domains. The most closely aligned problems are the digitization of
other types of industrial schematics, such as electrical schematics and electrical
drawings.
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In this thesis, a method for zero-shot symbol detection and classification in P&IDs is
presented. The proposed digitization pipeline is capable of localizing and classifying
symbols without any training or example images of symbols. This is advantageous
for use cases where training data is insufficient to train models. The pipeline also
includes the merge step for the symbol detector, which is an optional refinement step
for the symbol detector. Because the pipeline is based on a VLM, it can be adapted
to project specific requirements by changing the prompt instead of retraining the
model, leading to greater flexibility. By relying on the general knowledge of a VLM,
the pipeline will not be biased towards any specific dataset.

The symbol detector achieves strong performance on the two synthetic datasets.
But when examining symbols that have more space to their nearest symbol, the
detector performs well on the non-synthetic dataset as well. For this reason, symbol
separation is an important factor determining the success of the symbol detector.
The symbol detector struggles to detect small symbols, and there are big variations
in performance between symbol types.

The merge step significantly improves the precision of the symbol detector. However,
the merge step can also destroy correct detections by merging symbols that should
not be merged. But the net effect of the merge step is still positive. In the symbol
detection and merge step, the VLM is given additional positional information in the
text prompt for the highlighted segments in an image. There is no evidence that
this additional information improves performance.

The symbol classifier provides solid performance for positively defined categories
and performs worse for the negatively defined category. This reveals that categories
should be clear and defined in terms of what they are rather than what they are
not. This is evident across both non-synthetic and synthetic datasets.

The proposed digitization pipeline is computationally heavy, with a few hundred
VLM queries per P&ID. Parallelization of VLM queries can reduce the time to pro-
cess a schematic, but it does not change the amount of computation required.

Finally, the thesis contributes with advances in visual prompt engineering for P&IDs
digitization. By using multiple colors to highlight different areas in an image, a VLM
prompt can reference multiple distinct areas with high precision in a single query.
This technique could be applied to other types of industrial schematics.
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A
Appendix 1

A.1 Prompts
This section includes all prompts used in the project. Be aware that when curly
braces surround text in capital letters, that is a placeholder in the prompt where
some situation specific information is inserted.

A.1.1 Bounding Box Prompt
The bounding box prompt is supporting information about the positions of the
bounding boxes. The following prompt is an example with eight segments and their
relative positions. Supporting information on this format is inserted into multiple
prompts.

The color segments have the following bounding boxes on the format
[ymin, xmin, ymax, xmax] with values in range 0-1000:
- The red segment is located within the following bounding box

[530, 507, 590, 537]
- The blue segment is located within the following bounding box

[393, 447, 484, 507]
- The yellow segment is located within the following bounding box

[606, 462, 621, 537]
- The green segment is located within the following bounding box

[393, 492, 469, 611]
- The orange segment is located within the following bounding box

[590, 537, 621, 567]
- The purple segment is located within the following bounding box

[484, 388, 621, 477]
- The cyan segment is located within the following bounding box

[484, 477, 530, 537]
- The pink segment is located within the following bounding box

[469, 522, 575, 626]

A.1.2 Adjacency Prompt
The adjacency prompt is also supporting information, but is only used in the seg-
ment classification prompt. It contains information on which segments are adjacent
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A. Appendix 1

to other segments. The following prompt is an example.

The colored segments are adjacent to each other in the following way:
- red is adjacent to cyan
- blue is adjacent to purple
- blue is adjacent to cyan
- blue is adjacent to green
- yellow is adjacent to purple
- yellow is adjacent to orange
- green is adjacent to blue
- green is adjacent to pink
- orange is adjacent to yellow
- purple is adjacent to cyan
- purple is adjacent to blue
- purple is adjacent to yellow
- cyan is adjacent to blue
- cyan is adjacent to purple
- cyan is adjacent to pink
- cyan is adjacent to red
- pink is adjacent to cyan
- pink is adjacent to green

A.1.3 Segment Classification Prompt
This prompt is used to classify segments, which forms the basis for the symbol de-
tector. In NR OF COLOR SEGMENTS, the numerical value of the number of color
segments is inserted. COLOR NAMES is a list of color names of all colors used
for a specific prompt. ADJACENCIES and BOUNDING BOXES are replaced with
the previously mentioned adjacency prompt and bounding box prompt, respectively.

You are given a P&ID where some segments have been colored (they were
originally black). The first image is a big crop of the schematic second
image is a close up-crop of the colored segments. If you want more detail
look at the second image. If you want more context for the colored segments
and how they relate to other parts of the schematic, them look at the first
image. The third image is the same close up crop as the the second image
but the third image is not colored and no text is removed. Use the third
image to see if the colored segments are part of any symbol. The bounding
boxes are for the second and third image (the close-up crops).

The colors them self does not mean anything, they are only used for guiding
this prompt. All black pixels in the images has been divided into small
segments. Currently {NR OF COLOR SEGMENTS} segments have been
randomly picked and colored in a unique color. The colored segments does not
have to belong together. You should analyze segments with the following
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colors: {COLOR NAMES}. All these colors exists in the provided image and if
a color cannot be found, then do not mention it in the JSON answer.

{ADJACENCIES}

{BOUNDING BOXES}

Your task is to determine for each segment whether it is a part of a symbol
or non symbol (other). Remember that the colored segments does not have to
belong to the same symnol or non symbol. One segment can be a symbol and
another one can be a non symbol (other). Also Remember to not separate
between the colors. For example blue is deep blue, cyan is bright blue and
purple is darker than pink.

symbol:
- e.g. valves, tanks, inlets or outlets.
- outlets to the outside of the page/schematic.
- inlets from the outside of the page/schematic.

other:
- Connections between symbols like pipes.
- Mid-arrows (that indicate the flow of a pipe).
- Arrow symbols.
- Boundary lines (e.g. unit/package/functional boundary).
- Anything that is not a symbol.
- Any segment that is a part of a text character.

For a segment to be classified as a symbol, the entire segment has to be a
part of the symbol. For example, a yellow segment is a part of a symbol if
the yellow pixels belongs to a symbol.

["symbol", "other"] are the only alternatives when answering. Make a new
row for each segment segment you are analyzing. You write out your reasoning
in one sentence per colored segment about what function it has in to P&ID
and then answer on the following JSON style format:
{{

"orange":"symbol",
"blue":"other",

}}

A.1.4 Merge Prompt
The merge prompt is used in the merge step of the digitization pipeline. Similarly to
the bounding box prompt, the merge prompt also includes a bounding box prompt
for additional positional information. OTHER COLORS is replaced with a list of
the colors of the other segments that are being investigated.
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You are given a P&ID where some segments have been colored (they were
originally black). The first image is a big crop of the schematic second
image is a close-up crop of the colored segments. If you want more detail
look at the second image. If you want more context for the colored segments
and how they relate to other parts of the schematic, them look at the first
image. The bounding boxes are for the second image (the close-up crop).

The colors them self does not mean anything, they are only used for guiding
this prompt. All black pixels in the images have been divided into small
segments. Currently some segments have been colored.

{BOUNDING BOXES}

The green segment is the segment of interest. Your task is to predict which
of the other segments colored {OTHER COLORS} belong to the same symbol as
the green segment.

A color belong to a symbol if parts of the symbol is covered with that color.
The green segment should maybe belongs with some different colored
segment(s).
- E.g. if a the of valve symbol is colored green and another part if the

same valve symbol is colored blue. Then answer ’blue’:’green’ because
they belong to the same symbol.

- E.g. if the segments colored green belongs to a tank and the red colored
segment belongs to an instrumentation. Then do not answer anything with
’red’ since the green and red segment belongs to different symbols.

- If the green segments belong to one valve and the blue segments belong to
another valve, then do not answer anything with ’blue’ since these two
segment belongs to two different symbols, even thought they are the same
type of symbol.

Write color name in {OTHER COLORS} together with ’green’ if that color
belongs to the same symbol as the green segment. View the answer as a list
of segments that should be merged.

You write out your reasoning in two sentences and then answer on a new line
in the following JSON style format:
{{
’red’:’green’
’blue’:’green’
}}

IV



A. Appendix 1

A.1.5 Classification Prompt
The classification prompt is used to classify segments. Similarly to the two previous
prompts, it includes bounding box information. CATEGORIES is the placeholder
for a list of all categories to which a symbol can be assigned. CATEGORIES EX-
CEPT GENERAL is the same list but without the category general.

You are given a P&ID where some segments have been colored red (they were
originally black). The first image is a big crop of the schematic second
image is a close-up crop of the colored segments. If you want more detail
look at the second image. If you want more context for the colored segments
and how they relate to other parts of the schematic, them look at the first
image. The bounding boxes are for the second image (the close-up crop).

The colors them self does not mean anything, they are only used for guiding
this prompt. All black pixels in the images have been divided into small
segments. Currently some segments have been colored red.

{BOUNDING BOXES}

Your task is to determine what kind of symbol the red segment belongs to.
The alternatives are {CATEGORIES}. Answer ’general’ only if none of
{CATEGORIES EXCEPT GENERAL} match the red segments. {CATEGORIES} are the
only alternatives when answering. The red segments belongs to one of them.

You write out your reasoning in two sentences and then answer on a new line
in the following JSON style format (these are two separate examples):
{{’red’:’valve’}}
{{’red’:’general’}}
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