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Abstract

Charts excel in visually communicating diverse
data, however chart detection algorithms of-
ten struggle to accurately obtain the presented
information due to the various styles of the
charts. We propose a new decoupled neural
network architecture to solve this task. Our
model improves upon previous Deep Learning
based approaches and achieves new state-of-
the-art performance for automatic bar detection
on the largest public bar detection benchmark
ExcelChart400K.

We predict bounding boxes of bars in bar charts
by locating all corner keypoints simultaneously
and matching the bottom-right and top-left key-
points via contrastive embeddings learned with
our novel similarity loss. Additionally, we pro-
pose new metrics for the bar-detection domain
for evaluating how well the object detection
models perform with later data extraction in
mind.

Our code repository is available on Git-
Lab: https://gitlab.hpi.de/ai-in-practice/ai-in-
practice-think-cell/.

1 Introduction

Extracting information from visual representations,
such as bar charts, is essential for data-driven
decision-making. While humans can interpret vi-
sual charts effortlessly, machines face significant
challenges [21]. Automatic chart analysis, which
entails extracting raw numerical data from charts,
is pivotal for enabling machines to decode visual
charts effectively. Bar detection, a key component
of automatic bar chart analysis, is foundational
and critically influences all subsequent tasks in the
chart analysis process (see Figure 1).

Automatic chart analysis, particularly bar
detection, has significant benefits beyond just
convenience. It offers substantial time savings,
especially in tasks where data analysis plays a
pivotal role. Additionally, limitations that are

Figure 1: Bar chart detection example. (left) Original
input image; (right) Image with predicted bounding
boxes.

inherent in manual data extraction, including
human errors and subjectivity, are eliminated. By
automating the process, individuals can quickly
extract data from charts without the need for man-
ual annotation, thereby increasing efficiency and
accuracy. This improves various tasks in different
domains, such as scientific document processing,
chart understanding, question-answering (QA)
for charts, and automatic (re-)designing of charts
[3, 8].

However, automatic bar detection poses several
challenges, including variations in image quality
due to factors like poor resolution or background
interference, as well as diverse bar chart types
(e.g., stacked bar charts) [26, 12]. Traditional
rule-based approaches often require extensive
domain knowledge and meticulous attention to
edge cases, making them unreliable in detecting
bars amidst such complexity. Addressing these
challenges, therefore, necessitates the development
of robust, state-of-the-art object detection or
instance segmentation approaches [7].

To be practical for real-world applications,
an effective automatic bar recognition solution
must fulfill several key requirements. Firstly,
it must demonstrate fast execution speed to
accommodate the demands of real-time data
analysis. Secondly, it should be compatible
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with commodity hardware and allow client-side
execution to ensure accessibility and scalability.
Most importantly, the detection mechanism should
achieve near-perfect accuracy, minimizing the
need for manual intervention and post-processing.

In this work, we propose a framework for ac-
curate bar detection comprising two separately
trained networks; one for keypoint detection and
the second for matching two detected keypoints to
a combined bounding box. For this, the second
network uses contrastive embeddings. We first out-
line the network architecture and training pipeline
before evaluating the framework’s performance by
comparing it to other state-of-the-art solutions. Fur-
thermore, we introduce two new metrics to measure
keypoint detection accuracy.

2 Related Work

2.1 Object Detection
Object detection is a core problem in computer
vision. Some early approaches [20, 15] extracted
hard features from input images and then passed
them through a window to detect objects. How-
ever, a more recent approach, as described in [22],
frames object detection as a regression problem
that detects bounding boxes of objects and their
associated classes in a single neural network. This
approach has proven to be superior in many ways
compared to the earlier methods.

2.2 Object Keypoint Detection
With CornerNet [14] the authors propose an ap-
proach to object detection using a bounding box
defined by paired keypoints. They employ a sin-
gle convolutional neural network in form of an
hourglass network [18] to detect objects as paired
keypoints, eliminating the need for designing a set
of anchor points such as the center point and off-
sets in x- and y-direction. They predict two sets
of heatmaps for each top-left and bottom-right cor-
ner. One heatmap for defining the location and
the other for pairing keypoints that belong to the
same bounding box. The associative embedding
heatmap aims to properly group the predicted key-
points. This can be done with a single model that
simultaneously predict keypoints and embeddings
of objects [17].

To improve the detection accuracy, they further
introduced a special kind of pooling, which is re-
ferred to as corner pooling. This pooling layer

aggregates maxima of features horizontally and
vertically, as a fundamental building block for lo-
calizing corner points.

2.3 Keypoint Detection for Bar Charts
With ChartOCR [16], the authors tried to combine
deep learning and rule-based methods to achieve
high generalization ability when extracting
keypoints from various chart types. This further
extended the approach of CornerNet and also uses
the corner pooling layers, an hourglass network as
well as separate output channels for the keypoints
and embeddings. Corner pooling helps with the
corner detection of general objects, because one
can assume that the keypoints usually lie outside
of the object’s boundaries. However, for bar
charts, this assumption does not hold since the
keypoints are located exactly in the corner of the
box. As a result, corner pooling does not provide
any additional value in bar detection, though the
feature aggregation might confuse the network
in some cases. Other works rely on transformer
architectures to minimize the post-processing error
occurring during grouping the predicted keypoints
[26].

The problem of locating the keypoints correctly
and still keeping some context awareness in the
model is one of the biggest challenges of this
task. To overcome this issue of combining local
information with global context, Yan, Ahmed and
Doermann [27] proposed a modified R-CNN ar-
chitecture to fuse the local field of a CNN with
transformer-based positional encodings to obtain
positional context features.

2.4 Embedding Loss Functions
Previous work solves the keypoint matching prob-
lem by using contrastive keypoint embeddings with
losses that pull embeddings of one box close to-
gether, and push embeddings of different boxes
away from one another. This push-pull loss [16]
requires multiple hyperparameters to weight match-
ing and non-matching pairs, as well as a margin
hyperparameter that defines how far apart the key-
points should be to result in a loss of zero.

Improving on the push-pull loss, Ahmed, Yan,
and Doermann [2] used the multi-similarity loss
[25] that encourages similar samples to be closer
to one another and dissimilar samples to be fur-
ther apart. For corner point matching, this means
that the embedding vectors of the top left keypoint
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and the bottom right keypoint of a bounding box
should be similar while they should be dissimilar
to the embedding vectors of all other bounding box
keypoints.

2.5 Rule-based Chart Detection
Rule-based methods depend on hand-crafted thresh-
olds and features to extract chart data [5]. They
usually rely on finding connected components and
then deducing boxes from the graphical compo-
nents. For this, however, assumptions about chart
types and alignment have to be made [11]. One
prominent example is the software offered by think-
cell [1]. It is capable of bar chart data extraction
and uses rule-based heuristics for detecting key-
points internally. The exact methods they employ
are not publicly available.

3 Methodology

Our approach diverges from previous works [16,
27, 2] by using a novel decoupled architecture com-
prised of two models, each optimized for a specific
task within the prediction pipeline (see Figure 2).
The first model is dedicated to predicting the top-
left and bottom-right keypoints of bars by gener-
ating a keypoint probability heatmap for both key-
point types from the preprocessed image. Then, the
predicted heatmaps are postprocessed with simple
non-maximum suppression to find the local max-
ima.

Conversely, the second model only produces con-
trastive embeddings for each pixel based on the
heatmap information. In doing so, it is able to pro-
duce high-quality embeddings, especially at the
important spatial regions where the keypoints are
located. Through the separation each model can
specialize its learned features, eliminating an oth-
erwise needed loss weighting hyperparameter to
balance the competing objectives through hyperpa-
rameter tuning.

The partitioning of tasks within the pipeline
enables us to use higher-resolution images for
heatmap generation and lower-resolution images
for embedding generation. This allows for a higher
receptive field while sacrificing a high spatial reso-
lution, which is unnecessary for embedding match-
ing. As a result of changing the input resolutions
and employing two independent models, the perfor-
mance of the entire system substantially improves.
To ensure that embeddings corresponding to key-
points of the same bar have high similarities, we
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Figure 2: Schematic illustration of the bar detection
network training pipeline. The inputs of the heatmap
network are 8 preprocessed channels (see Figure 3), and
the embedding network receives 10 channels as input,
consisting of the 8 preprocessed channels and two addi-
tional heatmap channels, which are the post-processed
prediction of the first network at inference time, and the
target heatmap created from keypoint labels at training
time.

use the linear sum assignment algorithm, which
maximizes the sum of similarities in the bipartite
graph between the two sets of all top-left and all
bottom-right keypoints. This enables their match-
ing and is equivalent to the algorithm used in [16].

3.1 Heatmap Loss
To train the heatmap network, we use a modified
version of the focal loss (1) that was introduced
with CornerNet [14]

Lheat = − 1

M

C,H,W∑
c,i,j

{
pcij

γ log(pcij) if ycij = 1

(1− ycij)
β(pcij)

γ log(pcij) otherwise

(1)

where N is the number of target boxes, M =
max(1, N), ycij is the target probability, pcij is
the predicted probability and pcij = (1 − pcij).
The exponent γ of the modulating factor can be
tuned to put a higher emphasis on difficult, mis-
predicted instances (e.g. tiny or stylized boxes).
The second hyperparameter β scales the loss at
the non-maximum regions of the Gaussian target
probabilities. Adjusting this parameter affects the
variance of the predicted distribution per keypoint,
and a high beta leads to a lower loss when ycij < 1,
resulting in smaller predicted regions with non-zero
probability. This is advantageous for further post-
processing with non-maximum suppression as the
location of the keypoint’s maximum probability
is constrained to a smaller region and thus more
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likely correctly located. It also helps to disentangle
overlapping distributions for two keypoints that are
close together. A notable case is β = 0, γ = 0,
where the function collapses to the standard cross-
entropy loss. Our tuning results come to the same
conclusion as CornerNet [14] that β = 4 and γ = 2
are a good combination for the two hyperparame-
ters. Lastly, we add the max(1, N) term to avoid
division by 0 when the image does not contain any
bars.

3.2 Embedding loss
We propose a novel hyperparameter-free loss for
learning contrastive embeddings per pixel that can
be used to match predicted keypoints.

Let Etl and Ebr represent the vectors of all top-
left and bottom-right embeddings for the predicted
keypoints in an image, and let P,N ⊆ KP-Pairs
be the sets of positive and negative keypoint pairs,
where a positive pair refers to a tuple of two key-
points that belong to the same box. We first con-
catenate the embeddings into a combined vector
E = [Etl;Ebr]. Next, we create the similarity ma-
trix S = EE⊤. We use dot-product similarities
instead of angular cosine similarities because the
cosine similarities are in the range Sij ∈ [0, 1],
which does not match the domain (R) of the soft-
max function. Continuing, we set every element
on the main diagonal and upper-right triangle of S
to zero, so that every unordered pair of keypoints
is present exactly once. By zeroing out the main
diagonal, we also exclude self-similarities. Subse-
quently, we extract the normalized similarities by
first computing the softmax over rows and columns
independently, and then taking the element-wise
average of these two softmax matrices. This lets
each keypoint construct a distribution over all other
keypoints with their probability of matching. Com-
bining both row-wise and column-wise softmax
probabilities lets us treat each keypoint within the
context of being a ’reference’ and a ’target’ key-
point respectively, and without conflating all simi-
larities into a single probability distribution.

Snorm[i, j] =
1

2

(
esij∑|E|
k=1 e

skj
+

esij∑|E|
k=1 e

sij

)
(2)

Using the normalized similarity-matrix, we for-
mulate the embedding loss as the mean cross-
entropy loss, so that positive keypoint pairs (i, j) ∈
P are pushed towards a probability of one and

negative pairs (i, j) ∈ N are pushed towards a
probability of zero. We have to include the neg-
ative pairs in the loss because averaging the two
softmax distributions does not guarantee each row
and column to be a valid probability simplex.

Lembed = −

(
1

|P|
∑

(i,j)∈P

log(Snorm[i, j])

+
1

|N|
∑

(i,j)∈N

log(1− Snorm[i, j])

)
(3)

3.3 Backbone models
During our experiments, we evaluated several back-
bone models on the heatmap and embedding tasks.
These include the standard U-Net [23], an Atten-
tion U-Net (AttnU-Net) [19], a Recurrent Resid-
ual U-Net (R2U-Net) [4], a Recurrent Residual
Attention U-Net (R2AttU-Net) that combines the
previous two architectures, the R2AttU-Net with
dilated convolutions and a U-shaped Swin Trans-
former (Swin U-Net) [6], which is a variation of the
Vision Transformer [9] that uses shifted window
attention and U-Net style skip connections between
the downsampling and upsampling path.
We hypothesize that solving the heatmap task only
requires small receptive fields, so any U-Net variant
should work well here. However, for embedding
predictions, models with extended receptive fields,
such as the R2AttU-Net with dilated convolutions
and Swin U-Net theoretically offer an advantage by
learning globally coherent embeddings that result
in correct keypoint matchings. Models with smaller
receptive fields might therefore fail to produce high-
quality embeddings. For example, a top-left corner
of a stacked bar might not be able to computation-
ally take into account which bottom-right corner
of the stacked bars below is the correct one that
should produce a matching embedding.

3.4 Preprocessing
By integrating additional informative channels as
part of our preprocessing, we observe a slight posi-
tive impact on the model’s performance. The pre-
processed input consists of the normalized image,
a contrast-enhanced image via histogram equaliza-
tion, and edge detection results using the Sobel and
Canny filters (see Figure 3). First, we normalize
the image by subtracting the mean and dividing it
by the standard deviation, channel-wise. Next, we
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apply histogram equalization on the original im-
age to improve the visibility of features by spread-
ing out the most frequent intensity values. This
is particularly useful when the original image has
low contrast and boxes have similar colors as the
background. Finally, the Sobel and Canny edge
detectors are used to extract box boundaries. The
simple Sobel filter is useful for emphasizing the
most significant edges, while the Canny edge detec-
tor can capture a wider range of edges and is robust
against noise. The inclusion of edge detection fil-
ters has been shown to increase the performance of
CNN-based models for classification tasks [13, 24].
It also slightly improved the heatmap segmentation
and embedding predictions during our experiments.

Figure 3: Preprocessed input channels: Normalized
image (3 channels), histogram-equalized image (3 chan-
nels), Sobel edge detection result (1 channel) and Canny
edge detection result (1 channel).

3.5 Augmentations and other Regularization
Measures

We employ various standard regularization mea-
sures to prevent overfitting, including batch normal-
ization, an L2 weight decay of 3e-6, and random
image augmentations (see Figure 11 for examples).
Our suite of random augmentations consists of ran-
dom crops where no bounding box is cropped out
of the image, vertical/horizontal flips, adjustments
in hue, saturation, value, brightness and contrast.
Additionally, it encompasses Gaussian blur, Gaus-
sian noise, random gamma adjustments, JPEG im-
age compression, and RGB value shifts. These
augmentations simulate a wide range of real-world
conditions to improve the model’s robustness and
generalization ability. Additionally, we train with
small batch sizes of 8, which also contributes a
small regularization effect.
During our experiments, we tracked the validation
loss on 6,121 validation images to ensure that our
model generalizes well. Notably, out of all regular-
ization techniques, the random augmentations im-
proved the model’s generalization ability the most,
even though the training dataset (with 158,140 im-
ages) is already relatively large.

3.6 Training Setup
We train the heatmap and embedding network indi-
vidually for 20 epochs using a base learning rate of
0.001 and an exponential learning rate decay factor
of 0.9 per epoch. Both networks are trained via
the Adam optimizer, and the embedding network
training additionally employs the Sharpness-Aware
Minimization (SAM) [10] optimization method in
conjunction with Adam. The inclusion of SAM
leads to better generalization capabilities but only
works for training the embeddings as the heatmap
loss landscape is likely too sharp for this method
to find a good solution.
To train our models and tune hyperparameters, we
use A40 and A100 GPUs with 40GB and 80GB of
memory respectively. When training on consumer
GPUs with 24GB of memory, we recommend halv-
ing the batch size.
Furthermore, to ease the replication of our results,
we include a comprehensive list of all hyperparam-
eter settings in Table 2.

4 Evaluation

4.1 Dataset
We train, tune, and evaluate our models on the bar
charts "bardata(1031)" of the publicly available
ExcelChart400K dataset. This benchmark contains
images of vertical bar charts split into a train
(158,140 images), validation (6,121 images) and
test (6,262 images) set. The annotated bounding
boxes are given in the COCO format (x1, y1,
width, height), where a bar is defined via its
top-left corner (x1,y1) and its bottom-right corner
(x1+width, y1+height).

The width and height of images follow a log-
normal distribution since both are constrained to
only positive values (see Figure 4). The training set
has a mean height of 415 with a standard deviation
of 168 and a mean width of 735 with a standard
deviation of 361.
To use an image in our models, they need to be of
uniform shape. Taking into account the size distri-
bution, we compromised on a size of 448x448 pix-
els. We opted to stretch images rather than employ-
ing resizing with padding to maintain the aspect
ratio. This decision stems from observed instances
where resizing with padding resulted in small ob-
jects within the images being hard to detect, thus
potentially compromising model performance.
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Figure 4: Image height and width frequency distribu-
tions of the ExcelChart400K dataset (grouped by train,
validation and test splits).

4.2 Metrics
We use six different metrics to evaluate all models,
including task-specific ones from previous works
to ensure comparability and our own metrics that
suit our use cases. Each metric is defined in detail
below.

"Perfect Images" and "Perfect Boxes": We
introduce two new metrics - "Perfect Images" and
"Perfect Boxes" - that specifically focus on precise
and near-perfect prediction of keypoints with the
task of data extraction as a later step in mind. These
metrics are more concerned with the error of the
y coordinate of a keypoint than the x coordinate,
as the y errors are more important for the correct
extraction of data points of each (vertical) bar.

To be considered "perfect," a predicted bound-
ing box must have a maximum deviation from the
ground truth of 20 pixels for both top-right and
bottom-left keypoints’ x coordinate and a maxi-
mum deviation of 2 pixels for their y coordinate
respectively. The "Perfect Images" metric builds
on the "Perfect Boxes" metric by counting the im-
ages that do not have any incorrect bounding boxes
under the criteria of the "Perfect Boxes" metric, i.e.,
all bounding boxes in an image must be "perfect"
to be counted as a "Perfect Image."

To account for different image sizes, we
additionally scale the maximum allowed deviations
for x and y values, so they are within 2px and 20px
before resizing the image (Section 4.1).

Intersection over Union (IoU): IoU calculates
the extent of overlap between predicted bounding
boxes and the actual (ground truth) bounding boxes.
It is defined as the intersection area of the predicted
bounding box and its corresponding ground truth
divided by their area of union:

IoU(A,B) =
|A ∩B|
|A ∪B|

where A and B denote the two bounding boxes.
To account for multiple boxes in an image, we
first calculate the IoU for each bounding box pair
and then take their mean. A perfect overlap would
result in an IoU score of 1.0.

ChartOCR-Score: In [16], the authors propose
three evaluation metrics for various chart types.
We adopt their bar chart metric to evaluate our
method and ensure comparability to previous work.

Too Many/Few Predicted Boxes: To assess the
confidence of a model, we also report the percent-
age of predicted bounding boxes when the number
of predicted boxes does not match the number of
target boxes. Let Npreds,Ngt be the numbers of
predicted and ground truth bounding boxes respec-
tively. We then calculate the scores for N images
as

too_many =
1

N

N∑
i

max(0, (Npreds[i]/Ngt[i])−1)

and

too_few =
1

N

N∑
i

|min(0, (Npreds[i]/Ngt[i])−1)|.

4.3 Experimental Setup
For our experiments, we evaluated our proposed
architecture by comparing it with three baseline
methods. The first baseline method, think-cell [1],
is a rule-based off-the-shelf commercial product
capable of bar detection and chart data extraction.
The second method, referred to as CACHED [27],
employs a framework that combines the Cascade
R-CNN with SwinT-FPN. Lastly, ChartOCR [16]
employs a single Stacked Hourglass-Net as the
backbone network to detect and match keypoints
in various chart types. Evaluation of these meth-
ods was performed using the test set derived from
the ExcelChart400K dataset, using our predefined
metrics. We independently reproduced the baseline
results (with the exception of think-cell) to mitigate
any inconsistencies.
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4.4 Results
4.4.1 Quantitative Results
As shown in Table 1, our proposed model outper-
forms all other methods in terms of accuracy. No-
tably, with 80.25% the portion of perfectly pre-
dicted images is significantly higher than all other
compared baselines. This means that not only does
our method recognize most overall keypoints cor-
rectly (with a perfect boxes score of 96.83%), but
the wrong predictions also center around a few dif-
ficult images, while the majority of bar charts are
recognized without any error.

The closest competitor is ChartOCR, which
slightly outperforms our approach in the IoU met-
ric with a score of 0.90 where the difference is less
than 0.001. However, ChartOCR falls behind in
every other benchmark, including the ChartOCR-
score, which was first introduced in their paper.

The rule-based model currently used by think-
cell is only competitive in the "Too many Predicted
Boxes" metric, although this comes at a signifi-
cant cost of missed boxes, with a score of 13.49%
being the highest among all baselines. Neverthe-
less, it performs well in the ChartOCR score, sug-
gesting that once keypoints are predicted, they are
predicted correctly.

CACHED lags behind in all measured metrics
except for the IoU, which is almost constant for ev-
ery approach at around 0.89. However, it should be
noted that this metric only measures the overlap of
bounding boxes and does not meaningfully assess
how well a model recognizes keypoints, which is
more important for data extraction tasks.

4.4.2 Qualitative Evaluation
We visualize the prediction results from our method
for qualitative evaluation (see Figure 8 and Fig-
ure 9). We randomly selected images from both cor-
rectly and incorrectly predicted charts. Our method
has demonstrated an ability to precisely locate each
bar element in a variety of images, even in charts
that have a large number of targets to identify. How-
ever, Figure 9 shows that our method sometimes
struggles with challenging backgrounds or interfer-
ing elements, as well as with bars that are below a
certain size.

4.5 Discussion
The results demonstrate that the proposed approach
has successfully learned to detect bounding boxes
in a wide range of scenarios and does so in a fast
fashion at 1.09 seconds per image on commodity
hardware without a GPU. It is currently the most re-
liable model for this task in various complex cases.
The framework is capable of extracting the bound-
ing boxes of images with diverse backgrounds, a
large number of bars, stacked bars, and images
prone to human error. Moreover, it can also detect
bars that are partially occluded (see Figure 8).

It’s important to note that the ChartOCR met-
ric proposed in [16] does not take into account
whether the model predicted too few or too many
boxes. This is one of the reasons we introduced
the new "Perfect Images" metric. Therefore, when
comparing the ChartOCR-score, one should also
consider the "Too Many/Few Predicted Boxes" as
the current metric doesn’t accurately describe the
problem of perfectly predicting the bounding boxes
of an entire image.

Despite our theoretical assumptions that models

Table 1: Quantitative evaluation and comparison to related work. Metrics are computed on the ExcelChart400K
test split, which consists of 6,262 images. All metrics are described in Section 4.2. Furthermore, not listed in
the table due to the code not being publically available for evaluation, the authors of ChartDETR [26] report a
ChartOCR-Score of 0.904 with a ResNet-50 backbone and 0.923 with a HRNet-w32 backbone.

Methods
Metrics think-cell CACHED ChartOCR Ours

(Rule-Based) (Cascade R-CNN (Stacked (2x decoupled
+ SwinT-FPN) Hourglass-Net) R2AttU-Net)

Perfect Images (%) ↑ 63.5580 38.5340 67.3427 80.2460
Perfect Boxes (%) ↑ 83.7186 83.5549 94.5368 96.8290
ChartOCR-Score ↑ 0.8913 0.8175 0.9224 0.9309
IoU ↑ 0.8878 0.8917 0.9030 0.9023
Too Many Predicted Boxes (%) ↓ 1.6585 7.4910 1.1920 0.9223
Too Few Predicted Boxes (%) ↓ 13.4960 8.5970 3.3951 1.5745
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with a global receptive field yield better results, we
did not observe an empirically significant improve-
ment. This could be due to insufficient training
data for a Vision Transformer-based model like the
Swin U-Net or an already large enough receptive
field of the other models. Ultimately, the R2AttU-
Net, which combines recurrent convolutions that
result in a larger receptive field, and a local atten-
tion mechanism to filter information propagation,
showed superior performance for both learning the
heatmaps and embeddings. Other U-Net variants
were only a few percentage points off, with the
R2AttU-Net with dilated convolutions performing
on par for the embedding task.

Figure 5: Example with occluded bottom-right cor-
ners. Our model correctly infers the width of the purple
bars to predict the occluded keypoints.

Our model has learned to perform simple reason-
ing, making it able to infer the proportions of a bar
based on information from surrounding bars. For
example, when groups of bars usually consist of
two bars next to each other, the model can correctly
predict both bars, even when one of them is almost
entirely occluded. Furthermore, the model can in-
fer the most likely position of an occluded corner
keypoint based on the size and placement patterns
(e.g. bars are always placed in groups of two) of
other bars. It can also take the style of bars into
account, for example, in an image bars might al-
ways be the same width. Thus for an occluded bar,
the model would use the typical width and height
of the bars to predict the occluded keypoints (see
Figure 5).

5 Limitations and Future Work

It should be noted that, despite the proposed ap-
proach being effective, there are some limitations
and potential areas for improvement. One of these
limitations is that if a large image contains very
small bars, the predictions of the bounding boxes

for these bars are more prone to errors. This is
because the image is rescaled to 448 x 448 pixels,
which also rescales its bounding boxes. Conse-
quently, the size of very small boxes is reduced to
a point that is currently undetectable by the model.
To address this, future work might experiment with
larger image input sizes to decrease the effects of
this limitation.

The model sometimes fails to detect objects in
obscure images with objects that rarely occur in
front of bars. This commonly happens when there
are lines in images that cut obliquely through bars
or the whole image (as seen in the bottom right
image of Figure 9). In such cases, the bounding
boxes created by the model may use the intersec-
tion of these lines and the bounding boxes as key-
points, rather than the actual corner points of the
bars. However, this issue does not occur for regular
horizontal lines. We suggest that this issue might
be addressed by including more examples of these
error cases in the dataset. Moreover, utilizing a
much larger dataset could also aid in making Vision
Transformer models viable and potentially superior
to our current U-Net-based backbone model.

The ExcelChart400K dataset comprises solely
images with vertical bars. This inherently means
our models are specifically trained for this type of
bar chart. Even though we do use random flipping
in our augmentations which could enable the mod-
els to learn how to predict images with horizontal
bars, it requires further examination to confirm if
this is the case.

It could be beneficial to extend the current
architecture by taking into account the legends of
images. These legends often contain valuable and
crucial information, such as the number of bars or
the color of those bars in the image. Such informa-
tion can be utilized by the model to determine the
required number of bars or specific colors to look
for. Extracting this information is a challenging
task that would require extensive effort to yield
significant improvements. Additionally, the current
training methodology for the embeddings involves
a loss function that is built upon the cross-entropy
loss. While this is a good starting point, it can
be improved by using a more sophisticated loss
function, such as the focal loss used in heatmap
training. This would emphasize the challenging
keypoint pairs, likely leading to better outcomes in
difficult situations, as already demonstrated by the
heatmap loss.
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The next steps could include generalizing the
methodology to other chart types such as pie charts
or line charts, as demonstrated in [16, 26]. This
would require the use of the resilient keypoint and
embedding architectures mentioned but would ne-
cessitate additional data sets and experimentation,
as well as a fresh approach to determining which
data points should be extracted and which key-
points should be matched.

6 Business Opportunity

Identifying bars in charts can present a range of
obstacles, including the varying types of bar charts,
diverse backgrounds, and resolutions, as well as
overlapping bars or text. Nonetheless, our solution
has demonstrated encouraging outcomes and holds
the potential for commercialization. With this in
mind, we suggest a plan for advancing our model
into a valuable product and explore monetization
strategies.

6.1 Product and Value Proposition
The current state of our product offers a console-
based end-to-end pipeline that takes a raw image
file as input and accurately detects all bounding
box coordinates. In the next phase, we plan to
expand the prototype to include the detection of
basic chart elements outside the plot area and inte-
grate OCR. The resulting product would thereby be
capable of automatically extracting numerical in-
formation from charts without requiring any human
intervention (customer gain). This solution solves
various customer pains, as presented in Figure 6.
For instance, it increases efficiency and reduces
opportunity costs by providing quick execution and
near-perfect bar detection. Furthermore, we can
address even more customer jobs such as data min-
ing, automatic redesigning of charts, or document
processing.

6.2 Target Market
Our primary aim is to target companies that invest
a significant amount of time in creating presenta-
tions, showcasing their work, and visualizing data.
This market has the potential to be enormous and
includes various industries such as consultancies,
marketing agencies, or news agencies. We are look-
ing to expand our reach by forming alliances with
educational institutions. By doing so, we can pro-
vide educational licenses to students, which would
be free of charge. Although this may not lead to the
biggest revenue stream, it would bind the students

Figure 6: Value Proposition Canvas showcasing how
our solution addresses the customers’ jobs and needs.

as potential future customers. We also believe that
there is a significant opportunity in offering our
product to individual customers. The market for
individual consumers is potentially as large as the
entire user base of tools like PowerPoint.

Our Go-to-Market strategy is centered around
think-cell, a company that offers tools for creating
and editing aesthetic charts and diagrams. We aim
to expand our customer base by leveraging the size
and reach of think-cell’s existing clientele. By in-
tegrating our product into their suite, we expect to
jump-start our growth.

6.3 Business Model
The success of our venture relies heavily on our
product’s superior performance compared to other
state-of-the-art solutions. Therefore, our experi-
enced ML engineers, who optimize and develop
our models, are our most valuable resource. These
engineers will also account for the largest portion
of our cost structure, along with office space and
computing resources. To cover these costs, we have
devised the following pricing strategy:

• We sell end-user licenses to companies. As these
companies scale and more employees utilize our
product, their demand for additional licenses will
increase. Ultimately, as the companies we serve
grow, so will our own business. As an incen-
tive for more end-users with our product in each
company, the price per license will decrease de-
pending on the amount of end users.

• We offer a pay-per-use model. There is no min-
imum upfront fee and we charge users for each
API call made. It is meant for individual users
who have variable utilization of our product.

It will be essential for us to collaborate with
major cloud service providers to have access to
computing and cloud resources. In the future, we

9



Figure 7: Business Model Canvas showcasing our strategic planing and developments.

can expand our business by partnering with com-
panies that offer the leading software for creating
presentations, such as Microsoft and Google.

The complete Business Model canvas is pro-
vided in Figure 7.

7 Conclusion

In this report, we propose a novel decoupled
pipeline for precise bar detection. We combine
a Recurrent Residual Attention U-Net with pre-
processing and additionally augment the training
images in conjunction with other regularization
techniques to boost generalization competence.
Furthermore, we introduce new metrics that focus
on customer satisfaction to evaluate the accuracy of
predictions. Our approach has been tested against
the current best models and shows superior or
matching performance in all metrics. Specifically,
the number of images where all bars are predicted
perfectly is significantly higher than the current
state-of-the-art.

Our framework demonstrates strong prediction
capabilities by accurately detecting bars in various
challenging images. It also displays simple
reasoning abilities. However, the current version
of the model is mainly trained and thus limited to
vertical bar charts and struggles with tiny bars that
suffer from rescaling. These limitations could be
addressed in future work.

Overall, our solution has great potential to be
turned into a valuable product, and we have identi-
fied a promising monetization strategy and business
model for it.
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A Appendix

Figure 8: Examples of bar chart detection results.

Figure 9: Failure cases of bar chart detection results.

Figure 10: Examples of predicted keypoint probability heatmaps (overlayed on the input images) using the
R2AttU-Net.
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Figure 11: Examples of random augmentations applied on a single image.
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Table 2: Comprehensive List of Hyperparameter Values with Descriptions.

Hyperparameter Description Value

Model Recurrent Residual U-Net with attention (combines [4,
19])

R2AttU-Net

Rescaled image size Size of input images and preprocessed channels Heatmap-Net: (448x448)
Embedding-Net: (224x224)

Number of Channels Number of channels in the U-Net downsampling path
The upsampling path follows the same list in reverse

[32, 64, 128, 256, 512]

Recurrent steps per convolution Number of times a recurrent convolution is applied 3

Max. learning rate Base learning rate for the optimizer 0.001

Exponential learning rate decay Exponential decay rate of the learning rate scheduler 0.9

Epochs Number of training epochs 20

Weight decay Weight decay (L2 penalty) for regularization 3e-6

Batch size Number of images per training batch 8

Optimizer Sharpness-Aware Minimization [10] is used in conjunc-
tion with the Adam optimizer, which leads to better gen-
eralization at the cost of doubling the training time

Adam (+ SAM for embeddings)

Focal loss beta Beta parameter for the focal loss, where β > 0 reduces
the loss at non-maximum regions of the soft Gaussian
targets

4

Focal loss gamma Gamma parameter for the focal loss, where γ > 0 puts
higher focus on hard, misclassified examples

2

NMS threshold Threshold for non-maximum suppression to extract key-
points from the predicted probability heatmap

0.4

Embedding size Number of dimensions of the embedding space 32

Gradient Clipping Gradient norm clipping to prevent exploding gradients Clip at L2-Norm=1
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