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Abstract –  

Engineering drawings remain a critical medium 

for conveying design intent in architectural and 

construction projects. Despite the increasing adoption 

of Building Information Modeling (BIM), two-

dimensional drawings are still widely used in practice, 

particularly during early design stages and 

interdisciplinary coordination. The interpretation of 

such drawings largely relies on manual processes, 

which are time-consuming and prone to human error, 

especially when drawings contain dense graphical 

elements and complex textual annotations. 

This study proposes an automated framework that 

integrates deep learning–based object detection and 

optical character recognition (OCR) to extract 

graphical symbols and textual information from 

architectural floor plans. A tile-based detection 

strategy combined with global non-maximum 

suppression (NMS) is employed to address large-

format drawings and multi-scale objects. Detected 

text regions are further processed using an OCR 

module to extract text for subsequent analysis. 

Experimental results demonstrate the feasibility of 

the proposed pipeline and highlight key challenges 

related to complex layouts, rotated text, and domain-

specific terminology. Overall, the proposed 

framework establishes a structured foundation for 

future semantic interpretation and intelligent 

engineering applications. 
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1 Introduction 

Engineering drawings remain a primary medium for 

conveying design intent in building projects. Despite the 

increasing adoption of Building Information Modeling 

(BIM), a substantial portion of design information is still 

generated and exchanged in two-dimensional floor plans. 

These drawings typically contain dense geometric 

components and domain-specific textual annotations, 

making automated interpretation particularly challenging. 

Existing studies have explored object detection or text 

recognition in architectural drawings using deep learning 

techniques. However, most approaches focus on single-

task recognition and lack an integrated framework 

capable of jointly extracting geometric objects and 

textual information from complex floor plans. This 

limitation restricts their applicability to downstream 

tasks such as information structuring and BIM model 

generation. 

To address this gap, this study proposes a deep 

learning-based multi-task recognition framework for 

architectural floor plans. While the core components 

leverage established architectures like YOLO and OCR, 

the contribution of this work lies in integrating these 

components into a unified pipeline tailored to the 

characteristics of floor plans, including large-format 

images, dense layouts, mixed graphical-textual content, 

and Chinese annotations. This integrated design provides 

a practical basis for structured information extraction and 

subsequent engineering-oriented interpretation. 

2 Literature Review 

2.1 Automated Drawing Analysis 

Early studies on automated engineering drawing 

analysis primarily relied on rule-based and traditional 

image processing techniques, including heuristic rules, 

line tracing, and template matching [1]. Due to 

significant variability in drawing styles, symbol 

conventions, and annotation density, these methods 

generally exhibited limited robustness and poor 

generalization [2], [3]. 

With advances in deep learning, convolutional neural 

networks (CNNs) have become the dominant approach 

for the analysis of engineering drawings. Architectures 
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such as U-Net, Mask R-CNN, and YOLO have 

demonstrated promising performance in detecting 

symbols and structural components in complex line-

based drawings [4]-[6]. However, engineering drawings 

differ fundamentally from natural images, as they are 

characterized by dense geometric structures, high-

contrast linework, scale variation, and the close 

interleaving of graphical and textual information, which 

continue to pose challenges for reliable automated 

recognition. 

Within this category, compared with P&ID diagrams, 

architectural floor plans exhibit less standardized symbol 

libraries and higher layout variability. 

2.2 Research Focus and Limitations of 

Existing Studies 

A large body of existing research has focused on 

piping and instrumentation diagrams (P&ID), in which 

diagram structures and symbol libraries are relatively 

standardized, enabling high detection accuracy using 

deep learning–based methods [7]. In contrast, 

architectural floor plans have received comparatively 

limited attention. 

Most current studies on architectural drawings 

address isolated tasks, such as object detection, room 

boundary extraction, or room type recognition [3], [5], 

[8]. Recent surveys classify automated floor plan analysis 

into room boundary detection, room type recognition, 

object detection, and text detection and recognition [9].  

Nevertheless, most approaches remain single-task 

oriented, and few studies attempt to integrate multiple 

recognition tasks within a unified framework. As a result, 

many systems provide only low-level outputs, such as 

bounding boxes or masks, without cross-task integration 

or semantic interpretation. 

2.3 Text Recognition in Engineering Drawings 

Textual annotations in engineering drawings convey 

critical information, including dimensions, material 

specifications, and construction notes. Although recent 

studies have explored text detection and OCR in 

engineering diagrams [6], [10], recognition performance 

remains sensitive to text orientation, font variation, 

background noise, and image resolution. 

These challenges are further amplified in drawings 

containing Chinese annotations. Chinese characters 

exhibit high visual complexity and lack explicit word 

boundaries, while engineering texts often involve 

domain-specific terminology and mixed-language 

expressions. Consequently, even when character-level 

recognition is achieved, the absence of contextual 

understanding frequently limits the interpretability of 

extracted text [11], [12] , rendering text recognition alone 

insufficient for downstream engineering applications. 

2.4 Research Gap and Motivation 

The reviewed literature reveals several limitations. 

Architectural floor plans remain underrepresented 

compared to P&ID diagrams, and most existing studies 

focus on single-task recognition with limited integration 

of graphical and textual information. Moreover, text 

recognition for Chinese engineering annotations remains 

insufficiently addressed, and few approaches link 

recognition outputs to higher-level engineering 

semantics or application-oriented representations. 

These gaps motivate the development of an integrated 

framework that jointly considers object detection and text 

recognition. Accordingly, this study proposes a scalable 

detection–recognition pipeline for architectural floor 

plans, aiming to bridge the gap between visual extraction 

and intelligent engineering applications. 

3 Proposed Framework 

The proposed framework consists of four main stages: 

image tiling, object detection, result merging, and text 

recognition. The overall workflow is designed to 

accommodate high-resolution drawings and diverse 

annotation characteristics commonly found in 

engineering practice. The complete processing pipeline 

and the interactions between individual modules are 

illustrated in Figure 1. 

 

Figure 1. Overall framework 
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3.1 Image Tiling Strategy 

Architectural floor plans are typically provided at 

high resolutions, which exceed the input size constraints 

of common deep learning models. To address this issue, 

a tile-based strategy is adopted, in which each input 

drawing is divided into fixed-size image patches (640 × 

640 pixels). An overlap is introduced between adjacent 

tiles to mitigate boundary truncation effects and preserve 

contextual information for objects located near tile edges. 

The selection of the tile size and overlap ratio was 

guided by a trade-off between detection accuracy and 

computational efficiency. Larger tiles preserve more 

contextual information but increase memory 

consumption, whereas smaller tiles may lead to object 

truncation and fragmented detections. An overlap 

between adjacent tiles was therefore introduced to 

mitigate boundary effects and reduce missed detections 

near tile edges. 

3.2 Object Detection Using YOLO 

A YOLO-based object detection model is employed 

to identify graphical symbols and text regions within 

each image tile. Detection is performed independently on 

each tile, producing bounding boxes, class labels, and 

confidence scores. The detected bounding boxes are then 

mapped back to the original image's coordinate system. 

To eliminate redundant detections arising from 

overlapping tiles, a global non-maximum suppression 

(NMS) process is applied. This step retains the most 

representative bounding boxes based on confidence 

scores while removing highly overlapping predictions, 

thereby ensuring robust object localization across large-

format drawings. 

3.3 Text Region Filtering and Cropping 

Among all detected objects, bounding boxes 

classified as text are selected for subsequent processing. 

Each text region is cropped from the original drawing, 

and padding is applied when necessary to ensure 

sufficient context. This selective filtering allows the OCR 

module to focus exclusively on candidate text regions, 

reducing computational cost and false recognition. 

3.4 OCR-Based Text Recognition 

The cropped text regions are processed by an OCR 

module to recognize text. The recognized text, 

confidence scores, and spatial information are recorded 

and associated with their corresponding bounding boxes. 

These outputs serve as intermediate results for future 

semantic interpretation and structured information 

extraction. 

4 Dataset Construction 

4.1 Data Sources 

The dataset used in this study consists of 118 

architectural floor plans collected from nine real-world 

building projects, including residential buildings, 

townhouses, educational facilities, and public 

infrastructure. The drawings exhibit substantial variation 

in scale, layout, annotation density, and visual style, 

reflecting realistic engineering conditions. Detailed 

statistics of the dataset, including project distribution, 

drawing characteristics, and data splits, are summarized 

in Table 1. 

Table 1. Overview of the dataset 

Item Description 

Number of projects 9 

Number of floor plans 118 

Drawing types 
Residential and public 

buildings 

Image resolution 
3500–5000 px (short 

edge) 

Annotation types Symbols + text 

As shown in Table 1, the dataset covers multiple 

building types and exhibits substantial variation in 

resolution and annotation density, which reflects realistic 

engineering drawing conditions rather than controlled 

benchmark datasets. 

4.2 Annotation Strategy 

Textual annotations are labeled on a line-by-line basis 

using horizontal rectangular bounding boxes. Blurred or 

partially occluded text is annotated as long as its textual 

nature can be reasonably identified. Graphical symbols 

are annotated separately to support multi-class object 

detection. 

4.3 Dataset Generation Workflow 

Annotated full-size drawings are divided into 

overlapping tiles following the image tiling strategy. 

Bounding boxes fully contained within a tile are retained, 

while partially truncated boxes are selectively preserved 

for specific classes, such as text. Tiles without 

annotations are discarded to reduce dataset imbalance. 

The resulting dataset is randomly split into training, 

validation, and testing sets using a 7:2:1 ratio. 

5 Experimental Results 

Preliminary experiments were conducted using 

multiple YOLO variants, including models from the 

YOLOv8 and YOLOv11 families. Performance was 
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evaluated using standard object detection metrics, 

including mean Average Precision (mAP) at IoU 

thresholds of 0.50 and 0.50–0.95, as well as bounding 

box precision. Quantitative detection performance for all 

evaluated models is reported in Table 2. Representative 

qualitative detection results under different drawing 

conditions are presented in Figure 2. 

Table 2. Detection performance for all classes 

Model mAP@50 mAP@50–95 

YOLOv8n 0.624 0.469 

YOLOv8s 0.942 0.752 

YOLOv8m 0.957 0.793 

YOLOv8l 0.957 0.802 

YOLOv8x 0.961 0.781 

YOLOv11n 0.629 0.473 

YOLOv11s 0.947 0.767 

YOLOv11m 0.966 0.791 

YOLOv11l 0.972 0.815 

YOLOv11x 0.945 0.787 

The results in Table 2 indicate an overall performance 

improvement with increasing model capacity up to a 

certain scale, particularly under the mAP@50–95 metric, 

suggesting enhanced robustness for multi-scale and 

densely distributed objects. This trend is especially 

relevant for architectural drawings, where object sizes 

and spatial distributions vary significantly within a single 

layout. 

Compared with mAP@50, the mAP@50–95 metric 

provides a stricter evaluation of localization robustness, 

which is particularly relevant for architectural floor plans 

with dense and closely spaced elements. The observed 

performance gains of mid- to large-scale models suggest 

an enhanced ability to capture multi-scale contextual 

cues, albeit with increased computational cost, indicating 

that model selection should balance accuracy and 

practical deployment constraints. 

 

Figure 2. Qualitative detection results 

Figure 2 illustrates representative detection results 

under different drawing conditions, including dense 

annotation regions, overlapping symbols, and varying 

line thicknesses. While most objects are correctly 

localized, failure cases are mainly observed in regions 

with rotated text and severe overlap. 

The results indicate that the tile-based detection 

strategy combined with global non-maximum NMS 

effectively improves detection coverage for large-format 

drawings. As summarized in Table 2 and illustrated in 
Figure 2, both textual regions and graphical symbols can 

be detected with acceptable accuracy across diverse 

drawing layouts. Nevertheless, several challenges remain, 

particularly in handling complex layouts and non-

standard text orientations. 

The OCR results demonstrate the feasibility of 

extracting textual content from detected regions using an 

off-the-shelf OCR model, although recognition accuracy 

varies with font style, text orientation, and background 

complexity. In practice, the OCR module performs 

reliably for short, horizontally aligned annotations with 

relatively clean backgrounds, while errors are more 

frequently observed for rotated or densely packed text. 

These observations suggest that OCR reliability is 

strongly influenced by detection quality, highlighting the 

importance of tighter integration between detection and 

recognition modules. Representative examples of 

Chinese text recognition results, illustrating typical 

successful recognition and failure cases, are shown in 
Figure 3. 

 
Figure 3. Examples of Traditional Chinese text 

recognition results on floor plans 

To provide a more in-depth evaluation of the 

proposed framework, two supplementary analyses were 

conducted. First, an ablation study was performed to 

examine the effect of the tile-based strategy and overlap 

settings on object detection performance. Second, a 

quantitative OCR comparison was conducted to assess 

how different text extraction workflows influence the 

number of recognized text regions and the average OCR 

confidence. The corresponding results are summarized in 

Table 3 and Table 4, respectively. 
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Table 3. Ablation study on the effect of tiling and 

overlap ratio for YOLOv11l 

Method mAP@50 mAP@50–95 

YOLOv11l 

without tiling 
0.045 0.013 

YOLOv11l 

tiling (no overlap) 
0.882 0.699 

YOLOv11l 

tiling (10% 

overlap) 

0.972 0.815 

YOLOv11l 

tiling (15% 

overlap) 

0.992 0.858 

 

As shown in Table 3, the tile-based strategy 

substantially improves detection performance compared 

with direct inference on the full-size drawing. Without 

tiling, YOLOv11l achieves only 0.045 mAP@50 and 

0.013 mAP@50–95, indicating that large-format floor 

plans cannot be reliably processed in a single pass under 

the current model setting. Introducing tiling without 

overlap already leads to a significant improvement, while 

adding overlap further enhances detection robustness. 

Among the tested settings, a 15% overlap achieves the 

best performance, suggesting that overlap helps preserve 

contextual information near tile boundaries and reduces 

missed detections for objects located across adjacent 

patches. 

Table 4. Quantitative comparison of text extraction 

workflows for OCR pre-processing 

Method Direct 

OCR on 

full 

drawings 

OCR on 

tiled 

drawings 

YOLO-

based text 

detection + 

OCR 

Number of 

detected 

boxes 

153/241 173/241 233/241 

Average 

OCR 

confidence 

0.785 0.835 0.823 

Table 4 presents a quantitative comparison of OCR 

performance under three text extraction workflows. 

Direct OCR applied to full drawings detects 153 out of 

241 text instances, whereas OCR on tiled drawings 

improves the number of detected text regions to 173. The 

proposed YOLO-based text detection followed by OCR 

achieves the highest text coverage, with 233 out of 241 

text regions successfully identified. Although the average 

OCR confidence of the tiled OCR approach is slightly 

higher than that of the YOLO-based pipeline, the latter 

provides substantially better text localization coverage. 

This result indicates that the main advantage of the 

proposed framework lies in improving text region recall 

before recognition, which is particularly important for 

engineering drawings containing dense and spatially 

distributed annotations. 

6 Discussion 

The experimental findings suggest that integrating 

object detection and OCR provides a viable approach for 

automated information extraction from engineering 

drawings. The tile-based strategy effectively addresses 

input size limitations while preserving detection 

performance across different drawing scales. 

Nevertheless, the results also highlight inherent 

challenges associated with engineering drawings. 

Complex layouts, heterogeneous annotation styles, and 

domain-specific terminology pose difficulties for both 

detection and recognition models. These observations 

underscore the importance of domain-adaptive training 

strategies and robust post-processing mechanisms. 

At the current stage, the proposed framework is not 

intended to achieve full automation. Instead, it aims to 

provide a structured basis upon which higher-level 

semantic interpretation and intelligent engineering 

applications can be developed. 

From an application perspective, the current 

framework can serve as a front-end information 

extraction module for engineering workflows that require 

rapid access to drawing content. In particular, detected 

symbols and recognized annotations can be converted 

into structured records to support space inventory, 

drawing review, preliminary quantity takeoff, and BIM-

assisted data entry. For example, text labels associated 

with rooms or components can be extracted together with 

their spatial locations, allowing practitioners to reduce 

the manual effort required for locating, transcribing, and 

organizing drawing information. While the full 

integration of these downstream applications remains 

outside the immediate scope of this paper, the current 

results demonstrate that the proposed pipeline can 

provide an operational basis for construction-specific 

decision support and further semantic interpretation. 
However, these use cases currently remain at the 

structured information extraction stage and have not yet 

been validated through deployment in a full production 

workflow. 

7 Future Work 

Future research will focus on several key directions: 

1. OCR Model Fine-Tuning: Constructing a domain-

specific Chinese annotation dataset with diverse 

fonts, sizes, orientations, and background noise to 

improve recognition robustness. 
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2. Hyperparameter Optimization: Systematically 

analysing the influence of detection-related 

hyperparameters, including input resolution, 

overlap ratio, confidence thresholds, and NMS 

strategies. 

3. Extended Ablation and Sensitivity Analysis: 

Further examining the influence of model 

architectures, overlap ratios, confidence thresholds, 

and post-processing settings on detection and 

recognition performance across more diverse 

drawing conditions. 

4. Semantic Interpretation: Integrating large language 

models to transform recognized graphical and 

textual information into structured engineering 

semantics for downstream applications such as 

quantity takeoff and cost estimation. 

8 Conclusion 

This study presents a compact and integrated deep 

learning framework for the joint recognition of geometric 

objects and textual information in architectural floor 

plans. By combining tile-based object detection with 

OCR-based text recognition, the proposed approach 

effectively addresses key challenges associated with 

large-format engineering drawings and heterogeneous 

annotations. While certain limitations remain, 

particularly in handling highly complex layouts and 

domain-specific textual variations, the proposed 

framework establishes a scalable and extensible 

foundation for future research on semantic interpretation 

and intelligent engineering drawing analysis. 
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