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Abstract. Expressing chemical compounds in various representations
is challenging. This is especially true for novices, since the task demands
extensive domain-specific knowledge and spatial visualization skills. To
address this challenge, we propose SMARE, our Structure Matching and
Recognition Engine for chemical formulas. It interprets hand-drawn mo-
lecular structures and identifies and highlights errors and thereby is a
fundamental component of educational applications. SMARE leverages
a YOLO (You Only Look Once) model to recognize fundamental entities
in chemical structures such as atoms or bonds. The dataset for train-
ing, validating, and testing the model consists of 1,844 hand-drawn che-
mical molecular images collected from students. SMARE processes the
identified entities to construct an abstract molecular graph. The engine
compares the identified molecular graph against a database of known
molecules and detects errors such as incorrect bonding, and valency vi-
olations. Our fine-tuned YOLO model achieves an accuracy of 93.8 %
in recognizing chemical entities in hand-drawn molecules. SMARE was
tested on 7,909 hand-drawn chemical structures from 519 school students
under real-world conditions, successfully identifying numerous errors in
their chemical drawings. This demonstrates effectiveness of SMARE as
a powerful and practical tool for chemistry education.

Keywords: Chemical education · Image recognition · YOLO · Error
analysis · Spatial visualization.

1 Introduction

Chemical compounds can be represented in various ways, such as molecular
formulas, skeletal formulas, or perspective drawings, each emphasizing different
aspects of chemical bonding. Understanding the representations, choosing the
appropriate one for a given purpose, and writing chemical formulas require spe-
cific skills. While experts can use and mentally translate between these formats,
novices must first learn the underlying rules.
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Translating between representations can be practiced with a dedicated ap-
plication [19]. Such an application needs an algorithm to identify hand-drawn
chemical formulas and detect errors (see Fig. 1). The task is challenging due to
the diversity of student illustrations and handwriting styles. This paper presents
a system that identifies and analyzes hand-drawn molecules to detect and high-
light errors when drawing Lewis structures.

(a) Hand-drawn (b) Correct
Fig. 1: (a) Hand-drawn Lewis structure of R-lactic acid with overlay of recognized
entities and errors (red, left to right): Missing bonds and (H) atoms at the first
and second carbon atoms, two missing lone electron pairs at the oxygen atom.
(b) Correct drawing of the R-lactic acid on the right.

Fig. 2 depicts our solution. The contributions are threefold: (1) a dataset of
1,844 hand-drawn chemical molecular images collected from students in Switzer-
land and Germany [20], (2) YOLOv8 model pipeline to detect molecular entities,
which runs locally on consumer devices without cloud processing, and (3) an er-
ror detection algorithm to identify errors in the hand-drawn chemical formulas.

Fig. 2: SMARE for hand-written molecular recognition and error analysis.

2 Related Work

Many students struggle to reason about abstract representations of scientific
concepts that require a high level of spatial visualization [14]. While experts can
mentally translate between multiple representations [6,8,15], novices must first
develop the necessary mental models [1,15,16], often supported by interactive
applications [7,21].

Deep neural networks can recognize printed or handwritten chemical struc-
tures [2,9,11,12,23,24,4,25], and even take the context into account [10]. Large
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databases with (partly already decoded) images of chemical formulas are avail-
able (e.g., CASIA-CSDB [3]). Most of the above methods convert a molecular
image to SMILES [22] or InChI [5] format which assume correct molecular struc-
tures. They lack the ability to encode errors like missing atoms, incorrect bonds,
or lone pair errors explicitly. Since SMARE focuses on identifying and correcting
structural errors, a molecular graph representation is necessary.

Molscribe[11] and Molminer[23] generate molecular graphs from images but
assume error-free input. Molscribe employs a complex encoder-decoder architec-
ture trained on correct drawings. Molminer[23] employs YOLOv5 for distance-
based graph construction without error detection.

3 SMARE: Methods and Approach

SMARE must recognize hand-drawn chemical formulas despite variations in
handwriting and overlaps between atoms and bonds. Errors occur when the
detected structure deviates from the expected molecule. We apply YOLO (You
Only Look Once) for real-time recognition. Our approach has three steps: Object
Detection, Graph Construction, and Graph Matching with Error Detection.

SMARE is designed for handheld devices. Local processing enhances privacy
by not having to transmit images for analysis and ensuring independence from
internet connection. This limits AI model and error detection choices, requiring
efficiency. To maintain a smooth user experience, SMARE imposes an upper
limit of 50ms for end-to-end processing, from image capture to error display.

Object Detection We train a YOLOv8 model to detect individual chemical com-
ponents in an image, such as atoms, bonds, or free electrons. Our full training
dataset comprising 1,844 hand-drawn chemical molecules is openly available [20].

These curated examples reflect hand-writing variations and practical learning
scenarios. Additionally, 32 examples were incorporated into the training data to
address images devoid of molecular structures such as scratched-out drawings.
Data augmentation such as rotation, scaling, noise addition, and contrast adjust-
ments are performed in Roboflow. The model is fine-tuned using the usual 80-20
training-validation split. The natural imbalance of elements cannot be mitigated
as it reflects the inherent bias present in real molecules.

Graph Construction The output of the YOLO Model comprises all relevant
bounding boxes and their class designations. The graph construction method
selects a random bond as the initial point of reference and establishes an edge
between its two nearest atoms. This process is applied iteratively to all the bonds
to construct the core structure of the graph. The free electrons and charges are
then associated with their proximal atoms.

Graph Matching and Error Detection If the reference molecule is known, no
matching is required but the reference still needs to be aligned with the hand-
drawn structure for error detection. Aligning the two graphs even if they differ in
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orientation and positioning is crucial. Fig. 3 shows two molecules to be compared.
The hand-written molecules in our dataset are small, averaging only 14 nodes
with a maximum of 39 nodes, justifying a brute-force approach shown in Fig. 4. A
random starting point is selected from the reference graph, and every atom in the
hand-drawn graph is tested as a potential starting point. The alignment with the
fewest errors is chosen. Due to molecular symmetry, multiple optimal alignments
may exist. The alignment with the minimal number of errors is selected as a
chosen alignment for displaying errors (see Fig. 5).

Fig. 3: Compare molecular graphs: hand-drawn (left) vs reference (right).

(a) Alignment 1 (b) Alignment 2
Fig. 4: Different starting points in Fig. 3 result in different path alignments.
Paths in the hand-drawn molecule starting with hydrogen (H) are shown on the
left. Paths in the reference molecule with different starting points are shown on
the right. Each path in the hand-drawn molecule is compared to the paths of
the reference graphs. Error scores are mismatches on each path.

Fig. 5: From the alignments in Fig. 4, the paths with least errors are chosen and
the final error count is generated. The alignment with the least count is chosen.

If the reference molecule is not known a priori, i.e., the learner scans an ar-
bitrary hand-written molecule, a matching reference needs to be identified. The
unknown reference molecule must be carefully identified resulting in a minimal
number of errors to not overwhelm the learner. A simple histogram matching al-
gorithm can be employed to reduce the number of reference candidates. Compar-
ing the number of atoms and bond types in the molecules eliminates positional
information. A molecule’s histogram need not always be unique. To address this
issue, error detection is applied to all the reference candidates. The reference
with the least error score is chosen to display errors.
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4 Evaluation

To evaluate the generalization capability of the YOLO model, a test set of 100
hand-drawn molecules created by an independent individual is used.

Laboratory testing The confusion matrix reveals that the model detected the
correct atoms with an accuracy of above 90 %. There are minor instances of
incorrect atom classification. The majority of the remaining 10 % errors are
associated with the background class, indicating that the model detects elements
that are not actually present in the image. Users rarely observe this phenomenon,
because these extraneous elements get discarded during graph-construction.

Tables 1 and 2 show the confusion matrices for electrons, charges, bonds, and
atoms, showing high overall accuracy. The non-zero entries in the last column in
Table 2 show that background may get misidentified as an element. The Negative
label, representing a negative charge, is the least frequent in the training data
and also has the worst test performance. The training data distribution explains
why underrepresented classes perform worse. Despite the issues, models exhibit
high weighted average accuracy of 93.8 %. The weights reflect the prevalence of
chemical entities in the training data.

Table 1: Normalized confusion matrices for electrons, charges, and bonds
Electrons ground truth column-wise and prediction row-wise

FreeElectronPair SingleFreeElectron Background
FreeElectronPair 0.99 0.09 0.67

SingleFreeElectron 0.00 0.82 0.33
Background 0.01 0.09 0.00

Charges ground truth column-wise and prediction row-wise

Negative Positive Background
Negative 0.78 0.00 0.00
Positive 0.11 1.00 1.00

Background 0.11 0.00 0.00

Bonds ground truth column-wise and prediction row-wise

DashedTri. DoubleB. FullTri. SingleB. TripleB. Background
DashedTri. 1.00 0.00 0.00 0.00 0.00 0.05

DoubleB. 0.00 0.98 0.00 0.00 0.00 0.00
FullTri. 0.00 0.00 0.83 0.00 0.04 0.05
SingleB. 0.00 0.00 0.00 0.98 0.00 0.65
TripleB. 0.00 0.00 0.00 0.00 0.92 0.25

Background 0.00 0.02 0.17 0.02 0.04 0.00

Field testing To assess SMARE under real-life conditions, 519 school students
tested SMARE via the iOS app OrChemSTAR [17], generating 7,909 hand-drawn
scans [18]. Without prior knowledge of drawing structural formulas or organic
chemistry, the students learned only through the app. Therefore, Table 3 shows a
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Table 2: Normalized Confusion Matrix for Atoms (BG = Background).
Br C Cl F H I N O S BG

Br 0.90 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.13
C 0.00 0.99 0.00 0.00 0.00 0.00 0.00 0.02 0.08 0.15

Cl 0.00 0.00 0.94 0.00 0.00 0.00 0.00 0.00 0.00 0.04
F 0.00 0.00 0.00 0.92 0.00 0.00 0.00 0.00 0.00 0.02
H 0.00 0.00 0.00 0.00 0.99 0.00 0.00 0.00 0.00 0.28
I 0.00 0.00 0.00 0.00 0.00 0.96 0.00 0.00 0.00 0.11
N 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.02
O 0.00 0.00 0.06 0.00 0.00 0.00 0.00 0.98 0.00 0.23
S 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.92 0.02

BG 0.10 0.00 0.00 0.00 0.01 0.04 0.00 0.00 0.00 0.00

high error rate. The error detection of the application helped the students refine
their structural drawing skills in further exercises.

Table 3: Frequency (in %) of classes of errors in 7,909 scans by school students.
Class Freq. Class Freq.

Octet rule violated 50.21 Missing Bond 49.18
Missing Atom 49.18 Incorrect Atom 28.68
Incorrect Bond 22.49 Excess Bond 21.76
Excess Atom 21.58 Excess Electron 7.75
Missing Electron 7.50 Detected Natta Projection 2.52
Excess Charge 1.01 Missing Charge 0.10
No Errors found 27.42

5 Conclusion and Future Work

SMARE analyzes hand-drawn molecules accurately, achieving 93.8 % accuracy
in detecting chemical entities. Its robust architecture allows integration of new
molecules without retraining. Evaluations with many students confirm its effec-
tiveness to detect errors in chemical drawings in real-world conditions.

While graph construction from YOLO output is efficient, moving beyond a
greedy proximity-based algorithm could improve reliability. The error detection
algorithm performs well on the molecule sizes that are typically encountered
in school exercises. However, the scalability to larger molecules is limited. The
role of maximum subgraph isomorphism [13] in error detection requires further
exploration for error detection in larger structures.
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