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Abstract

Detecting struck-out words in handwritten text
is important for downstream applications such
as educational assessment, where struck-out
content should not be included in the final tran-
script. However, progress on this task is limited
by the scarcity of publicly available datasets
and by the lack of systematic evaluations across
datasets and strike-out types. In this paper, we
introduce several datasets with consistent an-
notations for multiple strike-out types and pro-
vide an open-source evaluation setup for word-
level struck-out detection. We show that strong
intra-dataset performance does not necessarily
translate into robust cross-dataset generaliza-
tion, and that our newly created data improves
generalization, especially for rare strike-out

types.
1 Introduction

Detecting struck-out words in handwritten text is
an important task especially in educational set-
tings, as struck-out words might still be recognized
(Nisa et al., 2019; Likforman-Sulem and Vincia-
relli, 2008) and included in the final transcript. This
may negatively impact downstream applications,
such as the automated scoring of handwritten ex-
ams (Gold and Zesch, 2020a), where words that a
student has crossed out should not be considered
during grading. Figure 1 shows an example an-
swer to the question “Will iron rust if you keep it
completely dry?” in which retaining the struck-out
negation reverses the intended meaning and hence
the score to be awarded.

Therefore, in this work, we focus on classifying
handwritten words as ‘struck-out’ or ‘non-struck-
out’ (Shivakumara et al., 2021; Poddar et al., 2021)

Will iron rust if you keep it completely dry?
Lron will Qd{ rust if it keept completely dry.

Figure 1: Example sentence with a struck-out word
changing the intended meaning.

in order to remove the detected struck-out words
before handwritten text recognition. !

A major bottleneck for such classifiers is that
datasets with handwritten struck-out words remain
scarce (Nigam et al., 2024) and contain only a
small number of struck-out words, which limits
systematic research on this topic (Dheemanth Urs
and Chethan, 2021). Larger existing resources are
synthetic (Nisa, 2023; Heil et al., 2021a) or not
publicly available (Brink et al., 2008; Chaudhuri
and Adak, 2017). Research conducted on such
data (Nigam et al., 2023; Shivakumara et al., 2022;
Zhong et al., 2025; Chaudhuri and Adak, 2017;
Brink et al., 2008) is hard to replicate and it re-
mains difficult to assess potential generalization
to real handwritten data. To address these limi-
tations, we contribute a new dataset with struck-
out words, consistent strike-out type annotations
across multiple datasets, and an open-source setup
for cross-dataset and struck-out type evaluations.

Using this setup, we show with both a CNN-
based YOLO classifier and a transformer-based
DINO classifier that previous work likely overesti-
mates struck-out word classification performance,
as results drop substantially in a broad cross-dataset

'This is in contrast to another line of research that aims to
remove strike-out markings to improve recognition accuracy
(Heil et al., 2021b; Bhattacharya et al., 2017; Chaudhuri and
Adak, 2017).
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evaluation despite strong intra-dataset performance.
We further show that our newly created data im-
proves generalization, especially for rare strike-out
types, while additional annotated struck-out words
would likely provide only limited further gains,
since the learning curves saturate early. We make
our code and instructions for using our datasets pub-
licly available at https://github.com/said702/
hwg-strikeout-detection.

2 Existing Approaches and Datasets

Table 1 gives an overview of previous studies and
the obtained results in terms of £} for detecting
struck-out words in a binary classification setting.
Several studies report promising results on real
data, with F} scores above .85. However, these
results are difficult to compare, since most ap-
proaches are evaluated only in single-dataset set-
tings and therefore mainly reflect intra-dataset per-
formance rather than robust cross-dataset general-
ization. The same limitation also applies to mixed
settings that combine synthetic and real data: al-
though Shivakumara et al. (2021) and Zhong et al.
(2025) report high Fy scores of .94, these results
provide only limited evidence of generalization to
purely real, independent target data. For synthetic-
to-real transfer, the overall picture remains unclear.
While Heil et al. (2021b) report that performance
drops from .99 on synthetic test data to .78 on
real data, indicating a domain gap, Poddar et al.
(2021) achieve an F} score of .93 when training on
synthetic data and evaluating on real data, suggest-
ing that synthetic training data can still be benefi-
cial. Overall, the empirical basis is limited as there
is a lack of comparable results on publicly avail-
able datasets, especially for cross-dataset setups. It
is also largely unknown how performance varies
across strike-out types. Moreover, previous work
focuses mainly on the struck-out class, although
the non-struck-out class is particularly important
in educational settings, where false positives may
remove words from the final transcript and distort
students’ intended meaning.

2.1 Synthetic Data

The upper part of Table 2 gives an overview of
existing synthetic datasets. As they are relatively
easy to construct, they tend to be publicly available
and mainly differ in how the strike-out patterns
are overlaid on the word samples. For example, in
Poddar et al. (2021), the strike-out patterns were

handwritten separately and then synthetically over-
laid onto IAM word images, whereas Nigam et al.
(2023) and Nisa (2023) generated the strike-out pat-
terns directly based on image statistics. While such
methods enable broad coverage of strike-out types,
they may generalize less well to out-of-distribution
data with different visual characteristics.

2.2 Real Data

The lower part of Table 2 gives an overview of exist-
ing datasets with real struck-out samples. Overall,
such publicly available data are surprisingly scarce.
We are only aware of one such case, the Single-
Writer Strikethrough (SWS) dataset® by Heil et al.
(2021b). The SOW dataset (Zhong et al., 2025) can
be obtained upon request, which is theoretically
also true for the data from Adak et al. (2017), but
at the time of writing, we did not receive an answer.
Over time, ‘available upon request’ often degrades
into ‘not available at all’, which makes truly pub-
lic resources even more important. We thus create
public datasets, described in more detail in the next
section.

3 The HWG Dataset

To address the limited availability of suitable an-
notated samples for struck-out word detection, we
introduce the HWG dataset. It consists of three
complementary subsets: collected, written, and
synthetic as well as a strike-out type annotation of
the SOW dataset. Details on availability, licensing,
and source-specific redistribution restrictions are
provided in Section 3.6.

3.1 Definition of Strike-out Types

Previous work has categorized strike-out marks
into several recurring forms. Adak et al. (2017) dis-
tinguish six broad types: single, multiple, slanted,
crossed, zigzag, and wavy. Heil et al. (2021b)
extend this inventory to seven types by adding
scratch as a further category. Building on these
earlier categorizations, we define a more fine-
grained set of nine strike-out types by splitting
the broad single and multiple categories into hor-
izontal and oblique variants, treating the earlier
slanted category as part of the oblique variants,
and additionally introducing the new types cir-
cled and blackened.®> The resulting nine strike-
out types are single-horizontal, single-oblique,

Zhttps://zenodo.org/records/4765063
3The blackened category is conceptually close to the
scratch type introduced by Heil et al. (2021b).
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Reference Method Train Test Fi
Brink et al. (2008) Connected components - real < .64*
Adak and Chaudhuri (2014)  Connected components - real .87
Chaudhuri and Adak (2017) SVM real real 92
Nisa et al. (2019) CRNN + BiLSTM synthetic synthetic .83°
Heil et al. (2021b) DenseNet121 syntheic ~ Synthetic .99
real .78
Shivakumara et al. (2021) DenseNet121 mixed mixed 94
Poddar et al. (2021) SVM synthetic real .93
Zhong et al. (2025) ResNet50 mixed ~ Syhetic .84

mixed® .94

# Since the paper does not report an F score, we estimated the maximum possible value from the reported true positive rate of
47.5% and true negative rate of 99.1%, assuming a best-case precision of 100%.

® 1y score not reported explicitly, but could be derived from the given confusion matrix.

¢ We categorize this as ‘mixed’ despite the paper’s claim to use real data, since qualitative inspection indicates the test set includes

both real and synthetic samples.

Table 1: Overview of prior approaches for struck-out handwritten text detection.

multiple-horizontal, multiple-oblique, crossed, cir-
cled, wavy, zigzag, and blackened. Representative
examples are shown in Table 3.

3.2 HWG-collected

Struck-out words occur naturally in handwritten
documents when writers revise or correct their text.
Such examples are therefore present, although only
in limited numbers, in several existing handwrit-
ing datasets. This is the case for the word-based
GoBo dataset (Gold et al., 2021), in which struck-
out words are marked with the label ‘cr’ in the
ground truth. Similarly, the word-based version of
the IAM dataset (Marti and Bunke, 2002) contains
struck-out words annotated with the symbol ‘#’.
In addition, document-level datasets such as the
handwritten ASAP SAS dataset (Gold and Zesch,
2020b) contain struck-out words in handwritten
student answer sheets, although these are not ex-
plicitly represented in the ground truth.

To turn these naturally occurring examples into
a usable dataset, we collected struck-out samples
from these datasets. This was straightforward
for IAM and GoBo, since both are word-based
datasets and explicitly indicate struck-out words in
the ground truth. In contrast, ASAP required sub-
stantially more manual effort, as struck-out word
instances first had to be manually identified and
extracted from the document images.

Annotating Strike-out Types After collecting
all samples from the three datasets, we annotated
the struck-out words according to the strike-out
types introduced in Section 3.1. The annotation

was performed by two independent annotators.
Inter-annotator agreement in terms of Cohen’s x
was .66 for all items and .83 for the roughly 75% of
items for which annotators were certain about their
decisions. All disagreements were adjudicated by a
third annotator. To additionally include non-struck-
out samples, we sampled as many non-struck-out
words from the GoBo, IAM, and ASAP datasets
as struck-out samples had been collected. Table 4
summarizes the frequencies of all strike-out types
and the non-struck-out samples.

3.3 HWG-SOW

To enable cross-dataset evaluation, we additionally
included the SOW dataset (Zhong et al., 2025),
introduced in Section 2.2. The dataset contains
struck-out words extracted from 66 handwritten
student answer sheets and was obtained from the
authors. Before annotating the strike-out types, we
excluded synthetic struck-out samples, leaving 295
real struck-out samples.

Annotating Strike-out Types As the SOW
dataset provides only binary labels indicating
whether a word is struck out or not, two anno-
tators assigned the same nine strike-out types as
those used in BWG-collected. In case of disagree-
ment, the two annotators collaboratively reviewed
the conflicting cases and resolved them by mutual
agreement following discussion. The distribution
of the types (see Table 4) shows that the types are
unevenly distributed in the collected data, likely

*Only eight were actually observed in the dataset.



Type Name Reference #Werds # Styles  Availability
- Poddar et al. (2021) 103,901 6 closed
- Nigam et al. (2023) n/a 7 upon request
Synthetic . . - a
IAM Strikethrough  Heil et al. (2021a) 4,158 7 public
1AM synthetic Nisa (2023) 2,996 4 public
HWG-synthetic this paper 37,010 7 public
- Brink et al. (2008) 624 n/a closed
- Adak and Chaudhuri (2014) 385 n/a closed ®
- Chaudhuri and Adak (2017) 2,827 6 closed ¢
- Poddar et al. (2021) 443 6 closed
Real SOW Zhong et al. (2025) 648 5 upon request
HWG-SOW this paper 295 8 labels only
SWS Heil et al. (2021b) 630 7 public
HWG-collected this paper 402 9 public
HWG-written this paper 1,848 9 public

# Although the published dataset contains only 4,158 struck-out samples, the released generation method
can also be used to create larger synthetic datasets, such as HWG-synthetic in this paper.

® This dataset may be an earlier version of the dataset used in Chaudhuri and Adak (2017).

¢ The dataset is reported as being available upon request. However, we were not able to obtain access during

the preparation of this work.

Table 2: Overview of datasets with real and synthetic struck-out samples.
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Table 3: Annotated examples of strike-out types across all datasets.

reflecting writer-specific or culture-specific pref-
erences. For example, single-oblique is the most
frequent type in HWG-collected but is rare in SOW,
whereas the opposite holds for circled. The type
zigzag does not appear at all in SOW.

3.4 HWG-written

Some strike-out types (multiple-oblique, wavy, and
zigzag) are so rare in the HWG-collected and
HWG-SOW datasets that the empirical basis re-
mains insufficient. Therefore, we conducted a tar-
geted data collection study to achieve broader and
more balanced coverage across strike-out types. A
total of 17 writers participated, including 9 male
and 8 female writers. As strike-out styles may
be influenced by early writing instruction, we in-

cluded participants with diverse educational and
cultural backgrounds, including Chinese, German,
Indian, Japanese, and Russian backgrounds. Each
participant was instructed to write 12 words for
each strike-out type. We refer to this dataset as
BWG-written.

Annotating Strike-out Types In contrast to the
collected datasets, retrospective type annotation
was not necessary for HWG-written, since the
strike-out types were predefined during data collec-
tion through an instruction sheet with illustrative
examples (see Figure 8 in Appendix A).



Real-collected Real-written Synthetic

Type HWG HWG HWG SWS  HWG
collected SOW written synthetic
Total 804 4,826 2,052 756 74,020
Non-struck-out 402 4,531 204 126 37,010
Single-horizontal 74 96 204 90 5,281
Multiple-horizontal 34 50 204 90 5,341
Single-oblique 105 11 204 90 5,321
Multiple-oblique 2 17 216" - -
Crossed 69 2 204 90 5,356
Circled 8 104 204 - -
Wavy 3 10 204 90 5,230
Zigzag 10 0 204 90 5,230
Blackened 97 5 204 90 5,251
Total struck-out 402 295 1,848 630 37,010
Struck-out ratio 50 .06 90 .83 .50

#The count of 216 includes 12 additional Multiple-oblique
samples from writer 6 that were retained.

Table 4: Distribution of strike-out types in annotated
datasets.

3.5 HWG-synthetic

Since previous work has shown that syntheti-
cally generated strike-out patterns may help de-
tect struck-out words (Zhong et al., 2025; Poddar
et al., 2021), we additionally generated a synthetic
dataset. We apply the method by Heil et al. (2021b)
that derives image-dependent statistics from each
input word image, such as stroke width, core re-
gion, and ink intensity, to generate a synthetic
strike-out stroke that is then deformed and blended
with the original image. Applied to the full GoBo
dataset, this resulted in 37,010 synthetically struck-
out samples across seven strike-out types.> Com-
bined with the 37,010 original samples, the full
HWG-synthetic dataset comprises 74,020 samples.

3.6 Data Availability and Licensing

The HWG Dataset is publicly available on Zenodo
(Gold et al., 2026). The release includes the newly
collected samples and all redistributable data de-
rived from ASAP and GoBo. For IAM and SOW,
only identifiers and annotations are provided; the
original images must be obtained from the respec-
tive source datasets. Users must comply with the
applicable licenses, access conditions, and citation
requirements.

4 Experimental Setup

In this section, we describe the experimental setup
used to train and evaluate models for struck-out
SFollowing Heil et al. (2021b), the synthetic subset covers

only seven strike-out types and therefore does not include the
circled and multiple-oblique types.

Dataset Median size
HWG-collected  164x77 px
HWG-SOW 13466 px
HWG-written 195x 72 px
SWS 319%220 px
HWG-synthetic ~ 173x69 px

Table 5: Median image dimensions of the word-level
crops.

word detection.

Metrics We formulate strike-out detection as a
binary word-level classification task (struck-out vs.
non-struck-out). To evaluate system performance,
we use the standard metrics precision, recall, and
Fl-score.

Models We train two models for struck-out word
classification: YOLO and DINO.

From the YOLO family we employ the
most recent classification variant YOL026n-c1s®.
YOLO26 performs image classification by resiz-
ing and normalizing the input image, extracting
multi-scale features with a convolutional backbone,
aggregating them in a lightweight neck, and apply-
ing a classification head for single-label prediction
(Sapkota et al., 2026).

Additionally, we use a Vision Transformer
(Dosovitskiy et al., 2021) whose backbone is initial-
ized with self-supervised pretrained weights from
DINO v2 (Oquab et al., 2024). The model per-
forms image classification by splitting the input
image into fixed-size patches, converting them into
embeddings with positional information, and pro-
cessing them with self-attention-based Transformer
encoder layers.

In addition, we evaluate recent vision-language
models (VLMs) in a zero-shot setting.

Data For our experiments, we use the datasets
we created: HWG-collected, HWG-SOW, HWG-
written, and HWG-synthetic. In addition, we use
the public SWS dataset introduced in Section 2.2.
All datasets used in our experiments consist of
word-level image crops. Table 5 reports the median
original crop dimensions.

Data Splits In intra-dataset evaluation, we use
10-fold cross-validation: in each fold, 10% is held
out for testing, and the remaining 90% is split into
training and validation data, resulting in effective

6https://docs.ultralytics.com/tasks/classify/
#models
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Fl(S)

Intra

F1 (—\S)

Intra

Model

YOLO .96 .80 97 75
DINO 93 a7 92 73

Cross Cross

Table 6: Macro-averaged intra- and cross-dataset F}
scores for struck-out (s) and non-struck-out (—s).

splits of 72%, 18%, and 10%. Results are averaged
across folds. In cross-dataset evaluation, the source
dataset is split into 80% training and 20% valida-
tion data, and the model is tested on the complete
target dataset.

Training Configuration Across all experiments,
each model was trained for 40 epochs, with a batch
size of 32 for YOLO26 and 8 for DINOv2, due to
the transformer architecture’s higher memory re-
quirements. For both models, class weighting was
applied in the loss function to compensate for class
imbalance when either struck-out or non-struck-out
samples were overrepresented in a dataset.

5 Results

This section presents the experimental results of
the systems for detecting struck-out words across
the different datasets.

5.1 Cross-Dataset Performance

Since prior work has mostly reported struck-out
classification results on individual datasets (Chaud-
huri and Adak, 2017; Shivakumara et al., 2021;
Zhong et al., 2025), it remains unclear to what
extent strong intra-dataset performance translates
into robust cross-dataset generalization. We there-
fore begin with an aggregated comparison of intra-
dataset and cross-dataset performance across the
three real-data subsets of HWG and the SWS
dataset (see Table 6). For both architectures and
both classes, intra-dataset performance is high, but
cross-dataset performance is consistently lower.
For the struck-out class, both models show a drop
of .16 in F, while the non-struck-out class drops
by .22 for YOLO and .19 for DINO. These re-
sults indicate that evaluations on individual datasets
probably overestimate the real-world robustness of
strike-out detection models.

Dataset-Specific Analysis To better understand
the aggregated results, we first break them down
at the dataset level for the struck-out class. Ta-

Evaluation dataset

HWG- HWG- HWG- HWG-
collected SOW written synthetic

Training
dataset Model

SWS

HWG- YOLO (-) 77

collected 100 (0.94) .69

HWG- YOLO |9 (0.89) - - 78
SOW piNno - (083) 80 74 70
HWG- YOLO 33 (o,

WHten  INO 45 (098

HWG- YOLO .08 .00

07 oo 21
- d100) 77

synthetic o [E80 51
swg YOLO 68 80 (oo
DINO 43 82 (098)

Table 7: F; scores for the struck-out class.

ble 7 reports the resulting F scores for this class.’
For comparison, we also report intra-dataset results
on the main diagonal, which are generally high
(0.89-1.00 for YOLO and 0.83-1.00 for DINO).
This is in line with the results from the litera-
ture shown in Table 1. The off-diagonal entries
show that the performance drop is not equally
strong for all dataset pairs, but is particularly large
for some transfer settings. For instance, YOLO
drops from 0.99 on HWG-written to 0.33 when
evaluated on BWG-SOW, mainly due to low pre-
cision (0.20) despite high recall (0.95), indicat-
ing that the model over-predicts the struck-out
class. When comparing YOLO and DINO across
training datasets, YOLO performs better on aver-
age for HWG-collected, BWG-SOW, and SWS,
whereas DINO performs better for HWG-written
and especially HBWG-synthetic. Since YOLO per-
forms better on more datasets overall and yields
stronger intra- vs. cross-dataset results, we report
only YOLO results in the following experiments.

5.2 Influence of Strike-out Type

While the previous results showed overall cross-
dataset performance, they did not indicate how
well the models generalize to specific strike-out
types. This can now be assessed in a more fine-
grained manner because we annotated all strike-out
types. Figure 2 shows cross-dataset £} scores by
strike-out type for YOLO trained on HWG-written

"The corresponding precision and recall scores are reported
in Table 11 in Appendix B.



or HWG-collected and evaluated on the remaining
datasets.® The results suggest that HWG-written
is more effective for rare strike-out types. This
is most evident on SWS, which contains an equal
number of samples per type. For wavy and zigzag,
the model trained on HWG-written clearly outper-
forms the one trained on BWG-collected, reaching
F1 scores of 0.93 and 0.94 compared with 0.12 and
0.00. This likely reflects the much larger number
of wavy and zigzag samples available for training
in BWG-written than in BWG-collected (204 vs.
3 and 204 vs. 10; see Table 4). At the same time,
YOLO trained on BWG-collected performs better
in some settings, such as crossed (1.00 vs. 0.80)
and blackened (0.89 vs. 0.73) on HWG-SOW, pos-
sibly because this dataset consists of naturally oc-
curring strike-out markings despite its smaller size.
Figure 3 shows misclassified blackened samples
on HWG-SOW for the model trained on BWG-
written, indicating that the model is not yet fully
robust even for visually clear cases.

Unseen Strike-out Types Another relevant ques-
tion is how the classifier handles a new strike-out
type not represented during training. To investi-
gate this, we conducted a leave-one-type-out ex-
periment: a YOLO classifier was trained on all
strike-out types from the HWG-written dataset ex-
cept one, and the held-out type was evaluated to-
gether with an equal number of non-struck-out sam-
ples from HWG-collected. This was repeated for
each strike-out type. Across all held-out classes,
the F scores ranged between 0.88 and 0.91, sug-
gesting that the classifier captures general visual
properties of strike-outs rather than relying only on
type-specific patterns.’

Training on Single Strike-out Types This raises
the question of whether a single strike-out type
may already be sufficient for generalization. To
investigate this, we trained YOLO models on
BWG-written using one strike-out type and eval-
uated their ability to distinguish the other strike-
out types from non-struck-out examples. Each
target class was evaluated on a balanced set con-
sisting of all its examples and an equally sized
set of randomly sampled non-struck-out examples
from BWG-collected, since all non-struck-out ex-

8For each type-specific evaluation, we use all samples of
the type and the same number of random non-struck-out ex-
amples. Exact numerical results are provided in Appendix C.

Detailed precision, recall, and F; results for each held-out
class are provided in Table 15 in Appendix D.

Evaluation dataset

HWG- HWG- HWG- HWG-
collected SOW written synthetic

e (087 [ e 88 e

Training
dataset

SWS

HWG-
sow 82| (094 .65 - 66
HWG-
witen 00 60 (056 |5 ()
HWG-
gnthetic 38 4913 (-) 26

SWS .80 .83

Table 8: Macro-F} scores for YOLO.

amples from HWG-written had already been used
for training. The same sampled non-struck-out
examples were used across all target classes to en-
sure a fair and directly comparable evaluation. Fig-
ure 4 presents the resulting F scores as a heatmap.
Columns show how well a given target strike-out
type is recognized by models trained on different
source types, whereas rows show how well a model
trained on one type transfers to others. Diagonal
entries show performance on held-out examples of
the same strike-out type used for training. The re-
sults suggest that wavy is the strongest source type,
whereas crossed is the most reliably recognized
target type. However, this pattern does not hold
in reverse, as wavy is also the most difficult target
type, meaning that models trained on other single
source types transfer least effectively to wavy.

5.3 Performance in a Realistic Application
Scenario

In a realistic application scenario, detecting struck-
out words alone is not sufficient, since the system
must also avoid falsely classifying non-struck-out
words as struck-out. Figure 5 illustrates the practi-
cal impact of such false positives. In this example,
the YOLO model trained on HWG-written detects
all struck-out instances, but also produces two false
positives. If these falsely detected words were re-
moved from the transcript, the sentence would read
... the python are very and invade ... instead of ...
the python are very dangerous and invade .... This
example motivates evaluating both classes jointly.
We therefore report macro-averaged F; (see Ta-
ble 8), which gives equal weight to the struck-out
and non-struck-out classes. Consistent with pre-
vious cross-dataset results, macro-F] scores show
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Figure 3: Examples of incorrect predictions for the class
blackened.
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Figure 4: F scores for the struck-out class of YOLO
trained on HWG-written using a single strike-out type.

that performance strongly depends on the training
and target dataset. Averaged over the three real
evaluation datasets, SWS (.82) and HWG-written
(.81) transfer best, while HWG-SOW performs
worst (.71), suggesting that broader strike-out-type
coverage improves robustness.

5.4 Amount of Training Data

As our new datasets provide more samples than pre-
viously available public datasets, we can investigate
whether additional training data also improves per-
formance in this setting. We train YOLO models on
progressively larger subsets of the BWG-written

The  Siguficance of U cwordd wvarive i K aricle
is bow, Ma fadd o b all s Hese Quivsall fou
flee panooy Glu W /VI(AW o @ very
il ivwade o (Bl Fale ove pails of e Ky
bve el Lall qoylicy Mook goes ite vy
or Lcml—oVy od oy Mot by w%/vy cedf 54;2’7'47

Figure 5: Full-text example in which all words predicted
as struck out are highlighted. Note that two are clearly
false positives.

dataset, increasing the sample size in steps of 10
and repeating each experiment ten times with dif-
ferent random samples. The resulting models are
then evaluated on each individual real dataset. Fig-
ure 6 shows the Macro-F} learning curves across
the real datasets, with shaded areas representing
the standard deviation across the ten repetitions for
each sample size.! Overall, the learning curves
show a steep initial improvement and saturate after
approximately 50—-100 training samples across all
datasets.

5.5 Zero-shot VLM Baselines

Finally, we compare our trained classifiers with
recent general-purpose vision-language models in
a zero-shot setting. We evaluate proprietary models
(Gemini 3.1 Flash Lite and Gemini 3.5 Flash) and
open-weight models (Mistral Medium 3.5, Qwen3-
VL 235B, and Qwen3-VL 32B) on HWG-collected.
Each model receives a word crop and is prompted
to classify it as struck-out or non-struck-out. The
results are shown in Table 9.!!

'See Appendix E, Figures 9 and 10, for class-specific
learning curves and type-specific I scores.

""The recall and precision for the struck-out class are re-
ported in Table 12 in Appendix B.
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Figure 6: Learning curves for YOLO trained on increas-
ing numbers of HWG-written samples and evaluated
on all real datasets (n = 10 repetitions). Results for
HWG-written are reported on the 15% held-out test set.

Figure 7: Struck-out paragraph where some words that
belong to the deleted content are not directly struck-out.

Gemini 3.5 Flash performs best, achieving a
macro-F1 score of .94 and outperforming the best
cross-dataset classifier on HWG-collected. The
other VLMs obtain macro-F} scores between .78
and .89, which is comparable to classifiers trans-
ferred from other real datasets to HWG-collected.
Thus, VLMs can be competitive zero-shot alter-
natives, but their use may be limited by high self-
hosting requirements or privacy concerns when us-
ing API-based models on sensitive student data.
Table 10 reports the per-type F; scores on HWG-
collected for the best supervised classifier and the
best zero-shot VLM.

6 Conclusion

Starting from the observation that publicly avail-
able datasets for struck-out handwritten words are
scarce, we create several datasets covering multiple
strike-out types. Using these datasets, we show in
a cross-dataset evaluation with both a CNN-based
and a transformer-based classifier that strong intra-
dataset performance does not necessarily transfer
to robust cross-dataset generalization, suggesting
that previous work likely overestimated real-world
robustness. We further show that our newly cre-
ated data improves generalization, especially for

Model Training data ~ Fi(s) Macro-Fy
YOLO HWG-written .89 .89
Gemini 3.5 Flash Zero-shot .93 94
Gemini 3.1 Flash Lite ~ Zero-shot .88 .89
Mistral Medium 3.5 Zero-shot .82 .81
Qwen3-VL 235B Zero-shot .82 .78
Qwen3-VL 32B Zero-shot .87 .88

Table 9: Comparison of the best supervised cross-
dataset baseline and zero-shot VLMs on HWG-
collected.

Strike-out type Samples YOLO Gemini 3.5 Flash

Single-horizontal 74

Single-oblique 105

Multiple-horizontal 34

Multiple-oblique 2 0.80

Crossed 69

Circled 8

Wavy 3 0.50
Zigzag 10 0.78
Blackened 97 -

Table 10: F) by strike-out type on HWG-collected.
YOLO was trained on BWG-written, whereas Gemini
3.5 Flash was evaluated zero-shot.

rare strike-out types. At the same time, the learn-
ing curves indicate early saturation, suggesting that
substantially more annotated struck-out words may
yield only limited gains.

Limitations

Our study focuses on word-level struck-out detec-
tion, enabling cross-dataset experiments but exclud-
ing document-level cases such as struck-out lines,
longer spans, or paragraphs. In such cases, some
words may belong to deleted content without be-
ing directly intersected by a strike-out, as shown
in Figure 7 (e.g. out, a, and single). We also did
not evaluate graph paper, where background grid
lines may interfere with strike-out detection. In
such cases, line removal may be needed to improve
detection instead of discarding the affected word.
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A Participant Instructions

Type Description and example
None No further action required
Single- Please cross these words out with 1 horizontal line
Horizontal : g < i :
CoRtain YRl On héa 4V’
Single-Oblique Please cross these words out with 1 oblique/vertical/slanted line
%Ktl(o BATT | % jt_&fﬂf
Multiple- Please cross these words out with several (minimum of 2) horizontal lines
Horizontal
Multiple- Please cross these words out with several (minimum of 2) oblique/vertical/slanted
Oblique lines
ﬂ%’% déo7 1 N
é . .
Crossed Please cross these words out
Circled Please circle this word out
Wavy Please use waves to cross these words out
Zigzag Please use vertical zigzags to cross these words out
17 Pl \
Blackened Please blacken these words

s ¢

o =

Figure 8: Instruction sheet used for data collection.




B Precision, Recall, and F7 for Struck-Out Word Detection

Training Model

Evaluation dataset

dataset BHWG- HWG- BWG- BWG-
collected SOwW written synthetic SWS
HWG- YOLO ( / / / /0.68 /
WG d 4 U | ]
DINO ( / / ) 0.63 / / 0.69 /056 / 0.72

HWG- YOLO
SOW

(0.84

/0.66 /
/-/

/-/

0.89)

/
/
4Cok

/

/
-
/0.67 /

/ 0.64 /-
/ 053 / 0.70

DINO (0.77 / 081 / 0.83) / 0.60 /
HWG- YOLO / N850 / 0.20 /0881 / 0.33
writteh 5iNo / / 031 / / 045
HWG- YOLO 072 / 0.04 / 0.08  0.00 / 0.00 / 0.00 / 0.04 1 0.07 / INo0] / JNGo]) /012 7 021
synthetic N0 1084/ 067 /- 0.39 /073 / 0.51 /075 / [558) /1100 / [1.00) / 0.63 /-
sws YOLO 072 / 0.57 /10851 / 0.68 / N3] / 067 /
DINO 0.28 /1090 / 0.43 /10:93| /

Table 11: Precision, recall, and F} scores for the struck-out class across all training and evaluation datasets.

Model

Gemini 3.5 Flash

Gemini 3.1 Flash Lite

Mistral Medium 3.5
Qwen3-VL 235B
Qwen3-VL 32B

1 R P
I I .71

Table 12: Zero-shot VLM performance on BWG-collected for the struck-out class.



C Strike-out Type Analysis

HWG- HWG- HWG-
collected SOW synthetic

Strike-out type

Single-horizontal

Single-oblique

Multiple-horizontal

Multiple-oblique

Crossed - -
Circled - -
Wavy

Zigzag -

Blackened 0.73

Table 13: F by strike-out type for models trained on
HWG-written and evaluated on the other datasets.

HWG- HWG- HWG-
written SOW synthetic

& I I
058 -

Strike-out type

Single-horizontal
Single-oblique
Multiple-horizontal

Multiple-oblique

Crossed - -
Circled - -
Wavy 0.54 0.40 0.12
Zigzag 0.74 - 0.57 0.00
Blackened - - - -

Table 14: F by strike-out type for models trained on
HWG-collected and evaluated on the other datasets.

D Held-out Strike-out Type Analysis

Held-out class Precision  Recall F1
single-horizontal 0.83 0.98 0.90
single-oblique 0.83 095 0.89
multiple-horizontal 0.82 1.00  0.90
multiple-oblique 0.81 0.99 0.89
crossed 0.83 1.00 091
circled 0.79 1.00  0.88
wavy 0.84 091 0.88
zigzag 0.79 1.00 0.88
blackened 0.79 1.00 0.88

Table 15: Results for held-out struck-out classes.

E Training Dynamics
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Figure 9: Class-specific learning curves corresponding
to Figure 6.
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Figure 10: F} scores for the struck-out class for YOLO
models trained on HWG-written data and evaluated on
different types of HWG-collected data.
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