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To enhance enterprises’ interactive exploration capabilities for unstructured chart data, this paper 
proposes a multimodal chart question-answering method. Facing the challenge of recognizing 
curved and irregular text in charts, we introduce Gaussian heatmap encoding technology to achieve 
character-level precise text annotation. Additionally, we combine a key point detection algorithm to 
extract numerical information from the charts and convert it into structured table data. Finally, by 
employing a multimodal cross-fusion model, we deeply integrate the queried charts, user questions, 
and generated table data to ensure that the model can comprehensively capture chart information 
and accurately answer user questions. Experimental validation has demonstrated that our method 
achieves a precision of 91.58% in chart information extraction and a chart question-answering accuracy 
of 82.24%, fully proving the significant advantages of our proposed method in enhancing chart text 
recognition and question-answering capabilities. Through practical enterprise application cases, 
our method has shown its ability to answer four types of chart questions, exhibiting mathematical 
reasoning capabilities and providing robust support for enterprise data analysis and decision-making.

Enterprises have adopted data visualization techniques to integrate production and sales information from 
manufacturing workshops, enabling centralized display and effective coordination of information1. Data 
visualization techniques utilize various unstructured charts (such as line charts, bar charts, pie charts, scatter 
plots, etc.) to visually present and transmit data, providing users with a global overview of the data2. However, 
while charts can intuitively display the overall trends and proportional relationships in data, it is difficult to 
obtain precise numerical information solely through visual observation. For example, extracting specific 
numerical values from charts or comparing numerical differences between different elements requires more 
precise numerical support. Traditional methods of obtaining chart data primarily rely on SQL query statements 
to retrieve the required numerical information from databases. This approach not only requires users to possess 
professional SQL query skills, but also faces challenges such as data being scattered across different workshops 
and difficulties in directly accessing the raw data3.

In response to the aforementioned issues, researchers have proposed chart question and answer (QA) 
technology in recent years4. The core of this technology lies in utilizing natural language processing techniques to 
accurately understand users’ question intentions and automatically extract relevant information from chart data 
as answers. This approach not only satisfies users’ need to access information without directly accessing enterprise 
databases, but also enables users without professional SQL query skills to quickly obtain key information from 
charts through natural language questions. The development of chart QA tasks is illustrated in Fig.  1. Early 
research primarily relied on manually defined rules and templates to match user questions with chart data. 
However, this approach was limited by its flexibility and scalability, making it difficult to handle complex and 
varied questions. With the advancement of deep learning techniques, researchers began utilizing deep learning 
models to address chart QA tasks. These models significantly improved their ability to understand chart data and 
questions by automatically learning data features. The IMG + QUES model proposed by Pal et al.5 in 2012 was a 
pioneering work in this field. This model utilized convolutional neural networks (CNN) to extract chart features 
and combined them with long short-term memory networks (LSTM)6 and multi-layer fully connected neural 
networks to generate answers. It achieved an accuracy of 59.41% on the Figure QA dataset (figure question 
answering)7, laying the foundation for subsequent research. Subsequently, Kafle et al. proposed the SANDY 
model8 and the DVQA dataset, addressing the limitation of only supporting binary judgment questions and 
introducing more complex answer types. Based on SANDY, the PReFIL model further improved the accuracy of 
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question answering by fusing question and image features to learn bimodal embeddings, achieving an accuracy 
of 80.88%9.

In recent years, researchers have proposed multi-stage chart question-answering methods, such as the 
Pix2Struct10 model proposed by Lee et al. in 2023. This model converts images into structured text descriptions 
and employs a similar approach to text information processing in LLM technology for chart question answering. 
Concurrently, the VL-T511 and Vision TaPas12 models have further advanced the development of chart question 
answering technology by integrating chart visual information into text editors. Despite the significant progress 
made in chart question answering technology, there are still some shortcomings. Current research is primarily 
based on publicly available datasets (such as Figure QA and DVQA), which are generated by algorithms and 
exhibit high degrees of standardization and normalization. Additionally, chart question answering tasks are 
often viewed as classification problems, focusing primarily on simple information in charts with relatively 
limited question types and lacking complex reasoning problems.

Results
Dataset and experimental setup
In the experimental section of this chapter, three experiments are designed. Firstly, a comparison between CA-
YOLOv5s and other one-stage object detection algorithms is conducted to intuitively verify the performance 
of CA-YOLOv5s on chart detection tasks, determining whether it can segment sub-charts within a complete 
data visualization dashboard, providing single chart data support for subsequent chart information extraction. 
Secondly, an ablation study is performed on the chart text extraction method, validating whether the proposed 
Extraction-OCR algorithm and Hourglass-OCR algorithm effectively improve the accuracy of chart text and 
chart numerical information extraction. Finally, a comparative experiment is conducted with the Revision model 
and the Chartsense model on nine chart types, comprehensively verifying the effectiveness of the proposed 
chart information extraction method for chart information extraction, providing strong support for practical 
applications. Through scientific and systematic experimental validation, the reliability and practicability of the 
proposed algorithms and methods can be ensured.

The dataset for chart data extraction consists of three datasets: the Figure QA dataset, the DVQA dataset, and 
the MECD dataset13. Among them, the Figure QA dataset and the DVQA dataset are publicly available datasets 
for chart question answering tasks. The Figure QA dataset includes five common chart types: line charts, dot 
plots, vertical bar charts, horizontal bar charts, and pie charts, providing rich data structures and visual patterns 
for the model. In contrast, the DVQA dataset only contains bar charts but provides stacked bar charts and bar 
charts with dark backgrounds that are not present in the Figure QA dataset. To better improve the accuracy of 
information extraction from individual charts in visual dashboards and subsequent chart question answering 
tasks, this paper expands the MECD dataset based on the needs of the project, including 19,020 charts from 
different manufacturing enterprises. To more comprehensively cover practical application scenarios, this paper 
further enhances the MECD dataset by capturing industry-standard charts and complete visual dashboards 
from platforms such as Datav and Power BI, thus enhancing the breadth and representativeness of the dataset. 
Additionally, 3,000 hand-drawn charts are collected by data collectors, further enriching the application 
scenarios and chart types for chart question answering and improving the diversity of the dataset. In total, there 
are nine chart types, including seven basic charts and one combined chart, specifically bar charts, bar graphs, 
line charts, scatter plots, pie charts, radial pie charts, rose charts, bar-line combination charts, and a group of 
visual dashboards.

Given the high similarity in features among commonly used chart types in dashboards, this paper divides 
the dataset into two categories for the chart segmentation experiments: single chart images and mixed images 
of visual dashboards. This division helps the segmentation model learn the image features of different chart 
types better, enabling it to complete the sub-chart segmentation task more effectively and reducing the impact 
of different chart types on the segmentation task, thereby improving the accuracy of the experiments. The chart 
data and visual dashboards in the manufacturing enterprise chart dataset (MECD) originate from real chart 
data generated during the daily production management of manufacturing enterprises, which significantly 
differs from the standard Figure QA dataset and DVQA dataset. The real enterprise dataset exhibits diversity, 
containing various chart features such as curved and tilted text content, as well as entire visual dashboards. The 
y-axis range of the Figure QA dataset and the DVQA dataset is uniformly divided into five groups from 1 to 100, 

Fig. 1.  Research status diagram of chart question answering tasks.
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with an interval of 20. Although the DVQA dataset is more diverse in question-answering types compared to the 
Figure QA dataset, it consists solely of bar charts.

The experiments were conducted using the PyTorch deep learning framework, on a V-100 GPU processor, 
with an initial learning rate of 0.00001, and a batch size of 64. The model comprises three components: a 12-layer 
text-table encoder, a 12-layer visual transformer, and four multimodal cross-fusion reasoning layers. The model 
underwent 60 iterations of training on Figure QA and DVQA datasets, and 70 iterations on a real enterprise 
dataset, MECD.

Comparative experimental results
The evaluation criteria adopted in this paper’s experiments include accuracy, recall, F1 score, AP (average 
precision per class), and mAP (mean average precision), where AP refers to the average precision for a single 
class and mAP is the mean of APs for all classes. The calculation methods are as shown in formulas 1–5.

	
P recision= true positives

true positives + false positives
� (1)

	
Recall = true positives

true positives + false negatives
� (2)

	
F 1 score = 2 precision recall

precision + recall
� (3)

	
AP =

∫ 1

0
p(R) dR� (4)

	
mAP = 1

n

class_number∑
j

Class_APj � (5)

In the equations, true positives refer to the number of correctly detected positive samples, false positives refer to 
the number of negative samples that are wrongly detected as positive, and false negatives refer to the number of 
positive samples that are wrongly detected as negative. Precision is used to judge the accuracy of the model by 
calculating the ratio of correctly predicted positive samples to all predicted positive samples. Recall is obtained 
by calculating the ratio of correctly predicted positive samples to the total number of positive samples. In 
addition, F1 Score is another important indicator that combines precision and recall to evaluate the model’s 
performance in the form of a harmonic mean. Furthermore, AP (average precision per class) is an evaluation 
metric for a single class, which combines information from precision and recall by calculating the area under the 
PR curve. AP serves as a standard to measure the performance of a classifier for a specific class. In multi-class 
object detection tasks, mAP (mean average precision), mentioned in formula (10), is the average of the AP values 
for all classes. It can comprehensively represent the overall performance of the detection model. By calculating 
the mean of AP values for each class, a comprehensive evaluation metric can be obtained to assess the model’s 
overall performance across different classes.

Chart data extraction experiment sub-chart segmentation and recognition experiment
This chapter compares CA-YOLOv5s with current single-stage object detection algorithms such as CenterNet, 
RetinaNet, SSD, and the original YOLOv5s. It provides detailed detection accuracy values for eight different 
types of charts and the mean average precision (mAP) for each model, as shown in Table 1.

As can be seen from Table 1, the improved method CA-YOLOv5s achieves an AP value of 99.7% for bar graphs 
and pie charts, representing a 0.5–1.5% increase in accuracy compared to the YOLOv5s method. However, the 
recognition accuracy for bar charts is relatively lower, with an AP value of 96.7%. The recognition accuracy 
values for the seven basic chart types and one combined chart type are all above 90%, resulting in a final mAP 
value of 98.69%. This performance is superior to the CenterNet, RetinaNet, and SSD methods. Compared to the 
results of the YOLOv5s method, the average recognition accuracy of chart components in the CA-YOLOv5s 
method has increased from 97.31–98.69%.

Bar chart Line chart Bar graph Pie chart Scatter plot Radial pie chart Rose diagram Bar-line chart mAP

CenterNet 85.0 94.0 95.8 97.0 94.3 94.6 89.3 94.6 93.08

RetinaNet 86.7 93.2 96.5 97.5 94.0 94.8 92.6 94.7 93.75

SSD 84.5 93.7 96.2 97.2 93.4 94.5 92.9 94.5 93.69

YOLOv5s 85.5 98.0 99.2 98.2 97.8 96.7 97.9 97.2 97.31

CA-YOLOv5s 96.7 99.2 99.7 99.7 98.4 98.6 98.9 98.3 98.69

Table 1.  Comparison of our method with other approaches.
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Text recognition and numeric information extraction ablation experiments
During the phase of chart text extraction, this paper compares the proposed character-level text annotation 
algorithm Extraction-OCR and its enhanced version Hourglass-OCR, which incorporates a keypoint detection 
network, with traditional OCR techniques to verify the effectiveness of the improved models in extracting chart 
information. As shown in Table 2.

Based on the ablation study results in Table 2, the improvements made in this paper’s model over the original 
OCR technology have effectively enhanced the accuracy of text extraction and numeric information extraction, 
providing data support for subsequent information reconstruction. However, the relative results for numeric 
information extraction are slightly poorer. The analysis indicates that the existence of overlapping key points in 
line and bar charts increases the difficulty of extracting numeric information.

Chart data extraction experiments
To demonstrate the effectiveness of the chart information extraction method proposed in this paper, we 
have conducted comparative experiments using the representative Revision14 model and Chartsense model15 
proposed by previous scholars. The experimental results of each model are provided below, classified according 
to different chart types, as shown in Table 3.

Table 3 indicates that the chart data information extraction method proposed in this paper can successfully 
extract information from different charts, achieving an average accuracy of 92.23%. Compared with the Revision 
model, the average accuracy has improved by 26.43%, and compared with the Chartsense model, the average 
accuracy has increased by 15.93%. Specifically, the data extraction accuracy for bar charts and scatter plots 
has reached 94.70%. The excellent results of data extraction can be attributed to the more regular key points 
and fewer interfering factors in bar charts and scatter plots. For the combined chart of bar and line graphs, the 
recognition accuracy is only 91.7%, but there has been some improvement.

Chart QA experiment
To validate the effectiveness of the Chart QA model proposed in this paper for chart question answering tasks, 
we compare it with other previous works on chart question answering using open-source datasets Figure QA and 
DVQA, as well as a practical collaborative manufacturing enterprise dataset. Additionally, the validation model 
for the DVQA dataset uses an OCR version of the dataset. Table 4 displays the comparison of the experimental 
results on the FigureQA and DVQA datasets in terms of accuracy.

For the Figure QA dataset, it covers common chart types such as bar charts, line charts, pie charts, and line 
graphs. However, there are limitations on the types of user questions: 1) it only includes yes/no questions, and 
2) it does not involve questions requiring numerical answers. Our model significantly outperforms the baseline 
model IMG + QUES, improving the overall accuracy by 31.96%. Compared to the baseline model SANDY 
(Oracle), the overall accuracy is increased by 29.35%. However, the accuracy is slightly lower than PReFIL. 
This is attributed to the fact that the FigureQA dataset mainly focuses on chart classification and simple yes/no 
questions, with relatively fewer numerical reasoning questions.

Regarding the DVQA dataset, it exhibits significant differences in appearance and style, capturing common 
styles found in scientific literature and the internet. Some of these differences include variations in bar charts 

Chart type

Ours(Chart QA) Revision Chartsense

P R F1 P R F1 P R F1

Bar chart 94.70 92.70 93.69 75.60 84.08 79.61 82.30 86.10 84.16

H-bar chart 93.80 91.80 92.79 76.70 83.99 80.18 78.90 83.40 81.09

Line chart 94.30 91.30 92.79 67.40 77.19 71.96 74.30 79.60 76.86

Bar-line chart 89.70 92.40 91.03 60.20 72.05 65.59 67.90 73.40 70.54

Pie chart 92.30 91.10 91.70 64.30 75.46 69.43 79.70 81.30 80.49

Scatter plot 94.70 90.60 92.63 71.50 81.58 76.21 81.60 83.20 82.39

Radial pie 
chart 91.78 89.95 90.86 61.37 69.10 65.01 73.28 75.93 74.53

Rose diagram 86.21 87.38 86.76 54.74 56.89 55.68 67.83 69.87 68.75

Average value 92.23 91.06 91.68 65.80 75.03 69.80 76.30 79.60 77.60

Table 3.  Performance comparison of chart data extraction.

 

Precision Recall F1 score

OCR 89.7% 88.6% 89.1%

Extraction-OCR 95.2% 94.4% 94.8%

OCR 87.7% 89.6% 88.6%

Hourglass-OCR 90.3% 91.4% 90.8%

Table 2.  Ablation study on chart text recognition and numeric information extraction.
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and the number of groups, the presence or absence of grid lines, and differences in bar color, width, spacing, 
direction, and texture. The inclusion of questions related to numerical values and chart structure greatly enhances 
the practicality of chart question answering. However, the DVQA dataset is limited to bar charts, resulting in 
some deficiencies in chart type diversity.

On the DVQA dataset (divided into familiar and novel test sets), our model outperforms the baseline model 
IMG + QUES on the familiar test set, improving the overall accuracy by 62.42%. Compared to the baseline model 
SANDY (Oracle), the overall accuracy is increased by 37.95%. On the novel test set, our model also surpasses 
the baseline model IMG + QUES, improving the overall accuracy by 62.36%. Compared to the baseline model 
SANDY (Oracle), the overall accuracy is increased by 37.75%, representing a 3–7% improvement compared to 
recent models.

Based on the characteristics of the aforementioned datasets, after incorporating a certain amount of real 
collaborative manufacturing dataset MECD into the experiments, we found that the drawbacks of the baseline 
model and the PReFIL model became apparent with the addition of the new dataset and new reasoning question–
answer pairs. Since traditional chart question answering models mostly focus on chart classification as the final 
result, lacking numerical reasoning ability, the accuracy drops significantly. However, after incorporating the real 
collaborative manufacturing dataset MECD into the public datasets, our proposed method achieves an accuracy 
of 82.24%.

The combined results of the four experiments indicate that the chartQA method proposed in this study 
has achieved a significant improvement in accuracy for chart question answering tasks. This improvement is 
primarily attributed to the decomposition of the chart question answering task, which utilizes a multi-stage 
processing flow to deeply explore chart information and precisely capture image features. Specifically, the method 
combines a character-level text annotation algorithm with a sandglass network to extract detailed information 
from charts, successfully converting unstructured chart data into structured table data. This step greatly improves 
the processing efficiency and accuracy of subsequent question answering tasks. Additionally, by introducing 
an aggregation operation head into the model, it endows the model with a certain level of computational 
ability, enabling it to handle more complex and diverse chart questions. This not only supplements and extends 
traditional chart question types but also provides users with more comprehensive and accurate answers.

Manufacturing industry application case
Collaborative manufacturing enterprise chart QA example
A network alliance of collaborative manufacturing companies has brought together multiple manufacturing 
enterprises, each with multiple workshops equipped with various types of CNC lathes, vertical (horizontal) 
machining centers, and other types of processing equipment. This networked collaborative manufacturing 
system integrates manufacturing information from various enterprises, monitoring and analyzing critical 
performance indicators of the manufacturing process within the alliance, such as capacity, production progress, 
and machining quality. This ensures that common production tasks are completed on time and meet quality 
standards.

Manufacturing information provided by different enterprises is mainly presented in the form of charts, and 
users can upload these charts. The system utilizes the chart QA model to parse the uploaded charts, directly 
extract key information, and provide answers to related questions. This significantly enhances the accessibility 
and interactivity of data in the collaborative manufacturing process between enterprises. This intelligent approach 
makes cooperation between enterprises more efficient. Users only need to ask questions about the charts, and 
the system can quickly parse the data content in the charts, providing users with accurate answers. Through 
this intuitive approach, users can obtain the desired numerical answers without accessing the database, helping 
data analysts make informed decisions in conjunction with background knowledge. The proposed Chart QA 
method is applied to a quality data integration and visualization analysis platform for manufacturing enterprises. 
Figure 2 illustrates the chart QA results generated based on user input for these charts in the manufacturing 
enterprise context.

The identified types of charts in this paper total six, as shown in Fig. 2, namely, bar chart, horizontal bar chart, 
line chart, scatter plot, pie chart, and a combined chart of bar and line. There are four types of user queries. The 
first type is related to visual trends, such as the question in Fig. 2E: "Which production material has the largest 
proportion in the pie chart?" Analyzing manufacturing data and raw material usage allows determining which 

Models

FigureQA DVQA (OCR) MECD

Val1 Val2 Test-familiar Test-novel Val test

IMG + QUES 59.41% 57.14% 32.01% 32.01% 22.38% 23.03%

SANDY (Oracle) 62.02% 59.54% 56.48% 56.62% 36.15% 38.02%

PReFIL 94.84% 93.26% 80.88% 80.04% 49.43% 51.46%

VL-T5 83.59% 82.38% 85.78% 84.47% 54.89% 56.31%

Vision TaPas 81.21% 89.74% 86.93% 86.77% 61.37% 62.05%

Pix2Struct 89.83% 88.62% 89.78% 90.13% 77.26% 76.95%

OURS (Chart 
QA) 91.37% 91.45% 94.43% 94.37% 80.56% 82.24%

Table 4.  Chart QA experiment results.
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raw material has the largest proportion. This helps companies understand the most critical raw materials in the 
production process, facilitating better supply chain and inventory management to ensure an adequate supply 
of raw materials and optimize procurement costs. The second type involves numerical extraction queries, like 
the question in Fig. 2A: "What is the total number of isolation switches produced in April?" If the production 
total in April deviates from the previous plan, companies can adjust manufacturing plans promptly to adapt 
to market changes or demand fluctuations. The third type pertains to structural composition queries, such 
as the question in Fig.  2C: "How many types of parts in Workshop B have production quantities exceeding 
1500 units?" If one workshop exceeds the average planned production, redistributing production tasks to other 
workshops can distribute resources more evenly, avoiding overload in Workshop B and ensuring full utilization 
of other workshops. The fourth type involves aggregation and inference queries, for example, the question in 
Fig. 2F: "How much is the difference between the regions with the highest and lowest production volumes?" 
Differences in production volumes may reflect varying market demands in different regions. Companies can 
adjust sales and marketing strategies based on these differences to better meet regional demands. The numerical 
reasoning answers presented in Fig. 2, with an allowable 5% error compared to standard answers, are considered 
correct. Correct answers are indicated in green, while incorrect answers are shown in red. The analysis of errors 
indicates that the combination of line and bar charts makes it challenging to locate overlapping key points during 
key point extraction, leading to a lack of clear capture of chart feature information and causing deviations in 
numerical reasoning.

Discussion
Traditional chart interpretation methods often rely on manual efforts, which are inefficient and prone to errors. 
More crucially, due to the need for underlying data protection in enterprises, it is difficult to directly access 
the raw data through methods such as SQL queries, which limits the data support capabilities of multi-chart 
question answering systems. Therefore, the development of a system that can automatically understand and 
answer questions about charts has certain practical application value. This system focuses primarily on two core 
issues: first, how to accurately identify and extract textual and numerical information from charts without directly 
accessing the underlying data; second, how to accurately answer inferential questions that require aggregation 

Fig. 2.  Chart QA results for different types of charts.
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operations. To address these two issues, this article designs a chart question answering model based on multi-
modal cross-fusion. The model realizes automated processing of chart data and question answering functionality 
through three stages: sub-chart segmentation and recognition, chart text annotation and information extraction, 
and answer generation, as shown in Fig. 3.

During the preparatory phase, the segmentation of data visualization dashboards is often performed 
manually in practical applications, but this method has a time cost issue. Dashboards are often composed of 
multiple sub-charts, each with different layouts, characteristics, and details, requiring careful identification of 
the boundaries of each sub-chart and precise cutting one by one during manual segmentation. This process is 
not only inefficient, especially when dealing with a large number of dashboards, resulting in a sharp increase in 
time cost, but also prone to errors, negatively impacting the accuracy of segmentation. To reduce time cost and 
improve segmentation efficiency, an automated segmentation method based on object detection technology, 
namely sub-chart recognition and segmentation, is introduced. The core goal of this phase is to accurately 
segment the entire dashboard image input by the user through the application of object detection technology. 
This step is based on the recognition of different image features on the dashboard and the analysis of spatial 
position information to achieve accurate segmentation and classification of sub-charts, providing a single-chart 
data basis for subsequent chart text annotation and data information extraction.

In the first phase, aiming at the problem of effectively recognizing irregular curved text in new types of 
charts, this paper focuses on capturing text and numerical information from charts. To achieve this goal, the 
following work has been mainly carried out: first, fine-grained annotation at the character level is performed 
on chart text to ensure accurate recognition of text regions; second, chart text extraction technology is applied 
to identify and extract key information from the chart, including but not limited to legends, axis labels, and 
chart titles; finally, a keypoint detection network is utilized to effectively capture keypoints associated with 
graphics and numerical values. These key pieces of information not only help the model analyze the distribution 
of numerical information in the chart, but also can further infer detailed numerical information of the chart 
by combining chart coordinates and legend information. After this series of processing, the obtained chart 
information is finally converted into structured tabular data, providing strong data support for the subsequent 
answer generation phase.

In the second phase of answer generation, a multi-modal cross-fusion approach is used to integrate chart 
features, text information, and generated table information, with the addition of an aggregated operation 
reasoning head with weighted information to answer questions involving data reasoning. This multi-modal 
information fusion method helps the question-answering system better understand the relationship between user 

Fig. 3.  The overall scheme of the chart Q&A.
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questions and chart information, thus enhancing the comprehensive understanding and reasoning capabilities 
of the chart question-answering system and satisfying enterprises’ needs for chart data reasoning analysis.

Methods
Chart information extraction
Chart text annotation
Text in charts carries crucial information, and precise localization of text is essential to ensure accurate 
recognition of all textual content in the charts. However, the diverse forms of text in charts, which may include 
tilt, curvature, and varying sizes, pose challenges for traditional text detection algorithms based on word-level 
annotations. These diversities make it difficult for these algorithms to precisely capture and locate text regions, 
thereby affecting the completeness of text content recognition in charts.To address these issues, this paper 
proposes a character-level text detection technique. By employing a character-level annotation method, this 
technique aims to improve the accuracy and completeness of chart text content extraction. Specifically, instead of 
treating text as an entire word, the technique decomposes text into character-level annotations to accommodate 
the diversity of text forms, thereby enhancing the accuracy of text content recognition. The introduction of this 
method can significantly improve the quality of chart text information extraction, providing strong support for 
in-depth understanding and analysis of chart data.

To convert the original word-level annotations into character-level annotations, this paper takes a series 
of steps. Firstly, the areas containing text lines are cropped from the original charts. Then,based on the text 
line-level label information, the cropped text lines are input into a character-level annotation network. In the 
training data,each word sample W is represented by R(w), with its bounding box denoted as BB (Bounding Box), 
and the length of the word is L(w). Based on this, the confidence of sample w is calculated using formula (6). 
In this formula, Sconf(w) represents the confidence of word w, which measures the accuracy of the character 
segmentation program in predicting the word’s length. When the predicted length lc(w) is close to the true length 
l(w), the confidence approaches 1; conversely, when the difference between the two is large, the confidence 
decreases.

	
sconf (w) = l(w) − min(l(w), |l(w) − lc(w)|)

l(w) � (6)

The pixel-level confidence SC in the chart is calculated as shown in formula (7).If a pixel p is located within the 
bounding box of a word w, its confidence is equal to the confidence of that word,Sconf(w);otherwise, its confidence 
is set to 1.This confidence is used as a weight in the loss function,guiding the model to pay more attention 
to pixels within the word bounding box and with accurate predictions during training,thereby improving the 
model’s accuracy.

	
Sc(p) =

{
sconf (w) p ∈ R(w)
1 otherwise � (7)

The loss function L is defined as in formula (8), which calculates the sum of squared Euclidean distances between 
the true scores and predicted scores for all pixels, using the pixel-level confidence Sc(p) as a weight. This way, the 
loss function can measure the overall prediction performance of the model and guide the model optimization 
during training.

	
L =

∑
p

Sc(p) ·
(
||Sr(p) − S∗

r (p)||22 + ||Sa(p) − S∗
a(p)||22

)
� (8)

where Sr*(p) represents the predicted center position score, Sa* represents the predicted inter-character 
affinity score, Sr represents the true center position score, and Sa(p) represents the true inter-character affinity 
score. When using character-level data for training, Sc(p) can be directly set to 1. Through the segmentation 
process, each individual character region obtained has corresponding training data labels. When training each 
image, character-level center position scores and affinity scores need to be generated to better determine the 
position information of text centers and the relationship between texts. The center position score represents 
the probability that a certain pixel is the center of a character, while the affinity score represents the probability 
of spatial relationship between adjacent characters. The loss function L can measure the overall prediction 
performance of the model and guide the model optimization during training. Formulas 6–8 are interrelated 
and together constitute the basis of model training for character segmentation and text detection tasks. By 
continuously optimizing the loss function L, the model can continuously improve its prediction performance, 
thereby more accurately detecting and recognizing text information from charts.

This paper employs Gaussian heatmap encoding to represent the probability of character centers. The specific 
process is illustrated in Fig. 4. Firstly, each character is precisely located by annotating a quadrilateral on the 
image. Then, by using the diagonals of the character-level annotated quadrilaterals, two triangles can be obtained. 
Constructing a bounding box connecting the two triangles’ centroids represents the connection between two 
characters. Before generating labels for character-level annotations and connecting bounding boxes, a 2D 
Gaussian heatmap is created with a shape matching the corresponding character or connecting bounding box. 
The Gaussian heatmap, centered at each position, signifies the probability of that position being the center of the 
text, decreasing in probability as the distance from the center increases. Through perspective transformation, the 

Scientific Reports |          (2025) 15:908 8| https://doi.org/10.1038/s41598-024-83652-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


generated 2D Gaussian heatmap is mapped onto the shape of the corresponding character-level annotation or 
connecting bounding box, ensuring a perfect correspondence. Finally, the mapped Gaussian heatmap is pasted 
onto the respective background, forming labels for training data. This process provides probability information 
about the text center for each position in the image. This method resolves issues such as curvature and slanting 
that traditional text detection methods may struggle with in charts. During the text recognition phase, an OCR 
engine (Luo et al. 2021) is used to recognize the chart information annotated at the character level.

Chart to table transformation
To better facilitate the tasks of chart comprehension and numerical reasoning, it is necessary to convert 
unstructured charts into semi-structured tabular forms.This paper proposes a key point detection model to 
optimize the detection process of chart graphics. This method can detect multiple types of charts using a single 
model. After extracting the information of these key points, combined with data such as chart type, axes, and 
legends, the model can accurately extract numerical information from the chart. The numerical extraction 
process is mainly divided into three steps. The first step employs a corner network to extract key points. The 
second step extracts the numerical range, and the third step combines the chart text information obtained 
through OCR technology to determine the specific numerical value represented by each key point in the chart16.

In the first step, a corner network is used to perform the extraction of key points. The hourglass network17, 
as the core component of the corner network, effectively captures the location information of key points in 
the image through a series of downsampling and upsampling processes. The output of the hourglass network 
is a probability feature map, where pixels at key point locations are highlighted, providing powerful input 
for subsequent prediction modules. In the initial stage, the corner network is responsible for extracting key 
point information from the image. The core component of the corner network is the hourglass network, which 
adopts downsampling and upsampling steps to obtain the location information of key points in different charts. 
Through the upsampling and downsampling operations of the hourglass network, not only the key features of 
the image are captured, but also the accuracy of the network’s positioning of key points is improved. The output 
of the hourglass network is a carefully compiled probability feature map, where the locations of key points are 
highlighted, providing powerful data support for subsequent prediction modules.

Next, these probability feature maps are passed to two key prediction modules: the top-left corner prediction 
module and the bottom-right corner prediction module. To locate the key points in the image, corner 
pooling operations are performed on these two prediction modules. Corner pooling operations, based on the 
implementation of max pooling, also focus on the boundary points of the chart, enabling precise capture of 
key points. After corner pooling, the prediction modules further refine the features using convolutional layers 
and generate three types of feature maps: heatmaps, embeddings, and offsets. These maps work together to 
provide necessary information for determining the precise locations of the top-left and bottom-right points. The 
heatmaps represent the probability distribution of each pixel point as a potential key point, the embeddings are 

Fig. 4.  Chart text character level callouts.
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used to distinguish different key points, and the offsets are responsible for fine-tuning the locations of the key 
points.

The main responsibility of the heatmap is to predict the position information of the top-left and bottom-right 
points in the key point region. Its number of channels C is equivalent to the number of categories in the training 
set, reflecting the occurrence probability of various key points. The embedding map is used to pair the top-left 
and bottom-right key points of the same target, achieving accurate matching of key points by minimizing the 
distance between feature maps of the same key point group and increasing the distance between feature maps of 
different targets. Finally, the offset map is used to correct the position of the key points to ensure the accuracy 
of positioning.

The second step involves determining the data range of the chart, which is crucial for more effectively utilizing 
the detected key point positions from the image pixel space to interpret specific numerical relationships. This 
method is primarily used to process line charts, bar charts, and scatter plots. Given that the sum of all sectors 
in a pie chart defaults to 100%, the data range extraction step is omitted. For radial pie charts, the data range is 
not typically read directly from the chart; instead, the relative size of each classification can be inferred from the 
angular size and labels of the inner sectors. When extracting the data range, the focus is on identifying numbers 
related to the y-axis. To effectively isolate these y-axis labels, it is assumed that these numbers usually appear on 
the left side of the plot area.

Therefore, it is sufficient to locate the chart area and then easily filter out the y-axis labels based on their 
position. The determination of the chart area is also defined by the top-left and bottom-right corner points. The 
area of the chart can be precisely located following the key point detection process in the first step, or a more 
precise spatial positioning of the chart can be achieved using the CA-YOLOv5s model in the preparatory stage. 
Once the position of the chart area is determined and the OCR results are obtained, the data range estimation 
Table 5 is then used. The goal of this algorithm is to obtain the data range of the chart. In this algorithm, the 
plot area is first identified using the detected corner points, and then the recognized numbers located on the 
left side of the plot area are found. Finally, the data range and pixel range are calculated using the top and 
bottom numbers to map the key points to actual data values. This process aims to achieve automatic extraction 
and interpretation of chart data in the context of computer vision and text analysis. Inside the function, the 
nearest number candidates rmin to the bottom-left corner and rmax to the top-left corner of the plot area are 
first found through OCR results. Then, the numbers of rmin and rmax are extracted and stored in rmin_num 
and rmax_num. By calculating the Y-axis scale Yscale, which represents the proportion of values in the pixel 
space, the Y-axis range is finally calculated using Yscale, the bottom, top, and the position information of the 
candidate points. Combining Yscale with the chart’s textual information and key point positions, the numerical 
information of different key points in the chart is automatically estimated.

Through data extraction techniques, it is possible to obtain complete chart data that includes basic chart 
information and numerical information. As different chart types have their own characteristics, the methods of 
data extraction and key point matching will also vary. Taking a bar chart as an example, it is commonly used in 
manufacturing to showcase the production output or sales figures of different product lines. The primary focus 
is on extracting corner point information, which helps the model accurately determine the position of each bar, 
and the height of the bar directly corresponds to the production output or sales figures of each product line.

Looking at line charts, they are often used in manufacturing to demonstrate changes in production volume 
or quality indicators of a product over time. The key points of a line chart are mainly the turning points of each 
line, and the positions of these turning points reflect the changing trends and specific values of production or 
quality indicators. Scatter plots are also common in manufacturing, and they are used to analyze the relationship 
between different variables. The key points of a scatter plot are the individual points on the chart, and the 
positions of these points directly correspond to the specific values in the dataset.

By extracting graphical information in the above-mentioned ways and integrating it with textual information, 
complete data related to the chart can be obtained. Rose plots (or polar bar charts) display numerical values for 
multiple categories in polar coordinates, where each category is usually represented by one or more bar lines. 
The endpoint of these lines extending from the center can be captured, and their length analyzed to represent 
the numerical value.

The model needs to associate the extracted data values with text labels for table construction. When colors are 
used to distinguish between data and text label relationships, first, the system utilizes Open CV image processing 
techniques, such as color space conversion and color threshold segmentation, to accurately identify the colors of 
different elements in the chart. For chart types like bar charts and line charts, the system pays special attention to 
the colors of bars or lines and converts these colors into RGB values for direct numerical comparison. Then, the 
system turns to the legend area, analyzes the text labels in depth, and determines the colors associated with each 

Algorithm 1: Value Estimation

Input: Chart Area Coordinates: Top, Left, Bottom, OCR Recognition Results R
Output: Y-axis Scale Information Yscale,
rmin, rmax ∈ R // These two variables will store the minimum and maximum label objects near the y-axis from the OCR recognition results
y1, y2 ∈ R // These two variables will store the y-coordinates of rmin and rmax in the image
rmin_num = number(rmin_text) // Store the extracted numerical data from rmin into rmin_num
rmax_num = number(rmax_text) // Store the extracted numerical data from rmax into rmax_num
Yscale = (rmax_num - rmin_num) / (y2 - y1) // Calculate the Y-axis scale information Yscale

Table 5.  Data range estimation table.
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label. This step typically involves detecting color blocks or lines next to legend labels and converting their colors 
to RGB values for subsequent numerical comparisons.

The system performs precise color matching operations. By comparing the colors of data elements (such 
as bars in a bar chart or lines in a line chart) with the colors in the legend label area, the system can precisely 
determine which data elements are associated with which legend labels based on the similarity or difference in 
RGB values. For example, if a bar chart has red and blue bars, as well as red and blue legend labels, by examining 
the colors of the bars, the system can associate the values of the red bars with the red labels and the values of the 
blue bars with the blue labels, as shown in Fig. 5. However, when all markers have the same color or there is no 
clear color association, and when the relative positions of labels or markers and corresponding data values are 
clear, a proximity-based heuristic method is used. This method matches data values and labels by measuring 
their relative positions. For instance, in a line chart, if a label is located next to a certain line, the system can 
associate that label with the value of the adjacent line, as shown in Fig. 6.

Chart question answering
We have obtained textual content and keypoint information from the chart, and transformed this information 
into tabular data, providing the foundational information for subsequent chart question answering tasks. 
However, having this information alone is not sufficient to complete chart question answering tasks. Since chart 
question answering tasks require an understanding of the chart’s structure and data relationships, it is necessary 
to infer accurate answers by integrating tabular information with image features. This section will explore how to 

Fig. 6.  The principle of proximity.

 

Fig. 5.  Principle of chart color matching.
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effectively combine the reconstructed tabular information with chart features to achieve better inference results 
for chart question answering tasks.

Sub chart segmentation algorithm
The primary objective of the chart question answering task is to obtain the corresponding answers given a chart 
and related textual questions through an algorithm. It has been observed that in enterprises, alongside abundant 
individual chart data, there are cases involving hand-drawn charts and visual dashboards18 Dashboards often 
contain numerous sub-charts, and it is necessary to filter out sub-charts that meet user requirements to reduce 
unnecessary redundant information for subsequent chart visual encoding. This paper introduces a Spatial and 
Coordinate-based Cooperative Attention Mechanism19 (Coordinate Attention, CA) on the basis of the YOLO 
network20. By capturing cross-channel feature information, direction perception, and position-awareness 
information, this mechanism allocates weight relationships among different pixels in the spatial domain. It 
enhances the focus on features relevant to the user’s desired chart, reduces interference from irrelevant features, 
improves the attention and precise positioning capabilities of targets, and also addresses the recognition and 
classification issues of hand-drawn charts. Using the aforementioned sub-chart positioning algorithm, the 
dataset’s dashboard data types were segmented based on different chart positions, annotated through titles on 
different sub-charts, and achieved the functionality of segmenting the entire dashboard into individual sub-
charts.

For individual sub-charts obtained through the YOLO object detection algorithm, this paper replaces 
traditional convolutional neural networks with the Vision Transformer (ViT)21. The Vision Transformer divides 
the image into 2D image blocks and employs the self-attention mechanism of the Transformer22 to capture 
global relationships between image blocks. This allows the Vision Transformer to better understand the overall 
structure and contextual information of the chart, demonstrating stronger reasoning capabilities in chart 
question answering tasks. For image classification tasks, the Vision Transformer introduces a special token, 
commonly referred to as the [CLS] token, in the output sequence. This [CLS] token generates a representation in 
the last layer of the Transformer encoder, representing the features of the entire image.

As mentioned earlier, to better understand the overall structure of the chart, the chart was segmented. The 
relative spatial positions of segmented chart blocks typically carry crucial information. For instance, in a bar 
chart, the relative positions and heights of different bars, or in a line chart, the positions of turning points, are 
essential for understanding the meaning of the chart and answering questions. Therefore, this paper adds a 
position embedding module to endow the model with the ability to perceive the relative spatial positions of 
segmented chart blocks. By learning the relative positions of different elements in the chart, the model gains a 
more accurate understanding of the spatial relationships between various elements. Through pre-training on a 
large-scale image dataset, the Vision Transformer learns universal image representations with excellent feature 
transferability. In chart question answering tasks, the pre-trained Vision Transformer model can be used as a 
feature extractor. The chart is input into the Vision Transformer to obtain visual feature encoding. These rich 
visual features help users better understand the chart structure, leading to superior results in chart question 
answering tasks.

Text table feature encoding
This section focuses on how to effectively encode the reconstructed tabular data with textual questions and 
perform aggregate operations on the table data. To better understand the relationship between table information 
and user queries, the table is flattened and concatenated with the question, as illustrated in Fig. 6.

In Fig. 7, token embeddings capture the semantic information of each input token (word, character, etc.) to 
enable the model to understand and compare different tokens in a vector space. Positional embeddings indicate if 
the answer to the data is related to the previous data, preserving contextual information. Paragraph embeddings 
serve to distinguish between questions and tables by concatenating the question and relevant table, with the 
question marked as 0 and the table marked as 1. The formation of paragraph embeddings is a gradual refinement 
process.During the input preprocessing stage of the model, questions and tables are labeled as different segments 
and assigned unique identifiers. These identifiers are then converted into fixed-length embedding vectors in the 
embedding layer of the model. These embedding vectors are randomly initialized at the start of model training 

Fig. 7.  Text table expansion encoding schematic.
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but gradually learn semantic information to distinguish different segments (such as questions and tables) as 
the model iterates and optimizes on the training data. Through backpropagation and parameter updates, the 
embedding vectors are continuously adjusted until they can accurately capture and express the semantic features 
of the input segments.

Column embeddings enable the model to understand the semantic meanings of different columns in the table. 
Row embeddings help the model comprehend different rows of the table. The formation of order embeddings 
focuses on handling sortable data in the table. During preprocessing, the model first identifies sortable columns 
in the table and assigns a unique sort identifier to each cell in these columns. These identifiers reflect the sort 
position of the cell within a specific column. In the embedding layer, these sort identifiers are converted into 
embedding vectors, which are also randomly initialized at the start of training. However, as the model continues 
to learn from the training data, these embedding vectors gradually learn to distinguish between different sort 
positions. Through backpropagation and parameter adjustments, order embedding vectors are continuously 
optimized to help the model understand and compare sort relationships between cells, especially for sortable 
data such as numbers and dates. This allows the model to reason based on sort relationships, such as using 
natural numbers 1-n for numbers and dates, with 1 representing the smallest value and subsequent numbers 
representing increasing order, while other non-sortable types are assigned 0. These additional embeddings refine 
the representation of tokens, enabling the model to better utilize context, deepen its understanding of dialogue 
structure and relationships between tokens, and thus enhance the system’s ability to capture complex dialogue 
dynamics and information interactions.

The above methods transform table data into a format similar to natural language sentences and learn 
the structural and semantic information of table data through pre-trained models. This enables the model to 
understand the relationship between questions and table content and accurately find the relevant row labels as 
answers. For question-answering models with table data, the answers to questions often come from one or more 
table cells or subsets of table cells. Additionally, for scalar answers, the results may be derived from aggregation 
operations on multiple table cells23. Therefore, based on the above considerations, two heads are designed: one 
for selecting the involved table cells and another for selecting the aggregation operator to be applied to these 
table cells, as shown in Fig. 8.

This article extends the BERT model to enable aggregation operations24. If the corresponding answer exists 
in the table, the model first selects a column from the table and then a cell from the selected column to find 
the answer. However, when the question requires a scalar value that is not directly present in the table, for 
example, when calculating the sum or average of a particular column, an aggregation operation is necessary. 
This article utilizes the probability of each token being selected and the table values to estimate the probabilities 
of each aggregation operator. Finally, the model’s expected result is given by using the results of all aggregation 
operations, as calculated by the following formula (9). In this formula, Spred represents the final scalar value 
predicted by the model, which is the result of the summary or aggregation of table data. The index variable I 
iterates over all possible aggregation operators OPi. (p̂a(opi)) is the probability predicted by the model for the 
selection of the i-th aggregation operator opi. This probability reflects the model’s judgment on which operator 
is most suitable for the current task. (compute(opi, ps, T )) is the result of applying the aggregation operator opi 
to the selected column ps in the table T. This calculation process is based on the selected operator and column 
data, producing a scalar value as the output.

	
Spred =

∑
i=1

p̂a(opi) compute(opi, ps, T )� (9)

Here, Jscalar represents the value of the Huber loss function, which quantifies the discrepancy between the 
model’s predicted value (a) and the true value. The variable a stands for the difference or error between the 
model’s predicted value and the true value. δ is a hyperparameter in the Huber loss function that controls the 
switching point from squared loss to absolute loss. By adjusting the value of δ, one can strike a balance between 
the sensitivity of the loss function to outliers and its overall performance.

	
Jscalar =

{
0.5 · a2 a ≤ δ
δ · a − 0.5 · δ2 otherwise � (10)

By undertaking these two pivotal steps, the model can proficiently identify pertinent cells within the table, 
predicting the appropriate aggregation operator. This achieves semantic parsing of tabular data, enhancing the 
model’s understanding and processing capabilities.

Multimodal feature encoding
To fully utilize information from images, text-tables, and questions, a multimodal feature fusion module25 is 
employed. This fusion module consists of four blocks, each containing a visual branch and a text-table branch. 
Specifically, the image is first fed into a visual encoder ViT, which transforms it into a series of embedding vectors 
H = {h_{Lcls}, h_{L1}, …, h_{L8}}, where L represents the number of layers in ViT, h_{Lcls} is the embedding 
vector for the special [CLS] token, and h_{L1} to h_{L8} correspond to the embedding vectors for each cell 
in the table. Concurrently, the question text and data table are input into a table-text encoder, which encodes 
the question and table content into a series of embedding vectors Z = {z_{Lcls}, z_{L1}, …, z_{Lm}}. Here, L 
also denotes the number of layers, m is the total number of tokens in the question and table, z_{Lcls} is the 
embedding vector for the special [CLS] token of the question, and z_{L1} to z_{Lm} represent the embedding 
vectors for each token in the table and question, as illustrated in Fig. 9.
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Fig. 9.  The input of the multimodal feature fusion module consists of visual encoding and text-table encoding.

 

Fig. 8.  How a fusion inference head with weighted values works.

 

Scientific Reports |          (2025) 15:908 14| https://doi.org/10.1038/s41598-024-83652-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Subsequently, these encoded vectors H and Z are fed into a cross-modal encoder. The cross-modal encoder 
comprises four blocks, each containing a visual branch and a text-table branch. In the first block, the visual 
branch utilizes the visual features H as query vectors, while the text-table branch employs the text-table features 
Z as key and context vectors. This design allows the visual branch to focus and fuse information from the text-
table branch, enhancing the model’s understanding of the relationship between the question and the chart. In 
the second block, the roles of the two branches are reversed, with the text-table branch using Z as query vectors 
and the visual branch using H as key and context vectors, enabling bidirectional interaction and fusion. To fully 
interact visual and text-table features, this process is repeated for four blocks. Within each block, cross-features 
are first generated through a multi-head cross-attention layer. These cross-features are then processed by a self-
attention layer and a fully connected layer to capture complex inter-feature relationships26. Residual connections 
are applied in each block, ensuring smooth gradient propagation during information transmission, which helps 
mitigate the gradient vanishing problem in deep neural networks. Additionally, layer normalization is used 
to normalize the output of each block, improving model stability and training efficiency. In the final layer of 
the text-table branch, aggregation operations and a cell selection head are appended. These operations further 
process the text-table data to prepare for outputting the final answer.

Data availability
Our research utilizes three datasets to validate the effectiveness of the proposed methodology. Firstly, we employ 
two publicly available datasets from the domain of chart-based question answering tasks: the FigureQA dataset, 
accessible at https://www.​microsoft.co​m/en-us/rese​arch/projec​t/figureqa-dataset/download/, and the DVQA 
dataset, accessible at https:​​​//gith​ub.​com/kushalk​afle​/DVQA_d​atas​​et/blo​b/maste​r/LICENCE.However, this ​a​r​t​i​
c​l​e has made available a portion of the declassified data used at https://github.com/wangxinxin-linan/MECD 
for everyone to use. Additionally, we incorporate a real manufacturing enterprise chart dataset named MECD. 
Due to the inclusion of extensive real data pertaining to enterprise production, manufacturing, and sales, these 
datasets cannot be made publicly available. Therefore, the datasets generated and/or analyzed during the current 
study are not publicly accessible. However, they can be obtained from the corresponding author upon reasonable 
request.
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