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Abstract

Multimodal Large Language Models (MLLMs)
have achieved remarkable success in seman-
tic visual reasoning, yet their capacity for fine-
grained, low-level perception remains critically
under-evaluated. This perceptual fragility lim-
its their reliability in noisy, real-world environ-
ments where visual signals are degraded. Fur-
thermore, existing benchmarks often entangle
visual perception with language priors, mask-
ing these underlying deficits. To address this,
we introduce the FAint numeric Detection
Evaluation (FADE) dataset, a novel evalua-
tion suite designed to probe the limits of zero-
shot Optical Character Recognition (OCR) in
frontier MLLMs. By embedding synthetic,
strictly numerical sequences over cluttered nat-
ural backgrounds at varying levels of trans-
parency («), FADE explicitly disentangles pure
visual perception from semantic predictability.
We evaluate state-of-the-art models including
Gemini 3.0, Claude 4.5 Sonnet, and Gemma 3
against a specialized UNet segmentation base-
line. Our results reveal a striking limitation in
frontier architectures: while they achieve near-
perfect transcription at high visibility, their per-
formance collapses under high transparency.
Conversely, the UNet pipeline maintains robust
spatial grounding, significantly outperforming
generalist models at the lowest visibility thresh-
olds. FADE provides a reproducible dataset to
expose and diagnose the perceptual breakage
points of modern multimodal systems.

Dataset: FADE on Hugging Face
1 Introduction

The trajectory of Vision-Language Models (VLMs)
and Multimodal Large Language Models (MLLMs)
has been marked by extraordinary advancements,
fundamentally bridging the gap between visual
perception and natural language understanding
(Achiam et al., 2023; Team et al., 2023). Trained
on vast web-scale image-text datasets, frontier ar-
chitectures such as GPT-4, Gemini, and Claude
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have achieved unprecedented success in high-level
semantic tasks, including visual question answer-
ing (VQA), complex scene interpretation, and nu-
anced image captioning (Liu et al., 2023; Li et al.,
2023). Consequently, these models are increasingly
deployed in real-world, open-ended environments
where they are expected to act as general-purpose
visual agents.

Current MLLMs often rely heavily on powerful
language priors and global semantic context, rather
than robust, low-level visual processing (Tong et al.,
2024; Villa et al., 2025). While they excel at
identifying prominent objects or reasoning about a
scene’s overall narrative, their performance deteri-
orates sharply when confronted with fine-grained
perceptual tasks that lack semantic anchors. One of
the most demanding tests of this capability is Op-
tical Character Recognition (OCR) in the wild. In
real-world scenarios, text is frequently obscured by
poor lighting, complex background textures, or par-
tial transparency—conditions where context alone
cannot recover the missing characters (Zhu et al.,
2024).

The inability of VLMs to reliably perform robust
text-in-image extraction carries profound security
and safety implications for digital platforms. As au-
tomated content moderation systems increasingly
rely on multimodal models to enforce community
guidelines, malicious actors have adapted by em-
bedding harmful content such as hate speech, scam
URLs, phone-numbers or illicit narratives directly
into images and memes (Wang et al., 2025, 2024).
Because standard text-only filters cannot parse im-
age pixels, a VLM’s OCR along with the MLLM
reasoning capability serves as the primary line of
defense. When VLMs fail to detect visually per-
turbed, highly transparent, or cluttered text, bad
actors can successfully execute visual prompt injec-
tions and moderation evasion tactics. Consequently,
poor OCR performance directly translates to a de-
graded safety posture, allowing harmful content to
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propagate across digital ecosystems unchecked.

Despite these high-stakes implications, existing
evaluation paradigms have largely failed to iso-
late and quantify this specific perceptual fragility.
Traditional OCR benchmarks predominantly fea-
ture high-contrast, opaque text, or rely on semantic
contexts (like street signs or document headers)
that allow language models to seamlessly "guess"
obscured words (Singh et al., 2021). Conversely,
modern VLM benchmarks tend to entangle visual
perception with complex logical reasoning, mak-
ing it difficult to determine whether a model failed
because it could not reason, or simply because it
could not see the underlying visual signal (Villa
et al., 2025; Tong et al., 2024). There is a need
for a controlled, objective benchmark that tests the
exact breakage thresholds of multimodal percep-
tion without the confounding variable of semantic
predictability.

To address this critical gap, we introduce the
FAint numeric Detection Evaluation, a novel
evaluation suite explicitly designed to stress-test
the limits of fine-grained visual grounding and zero-
shot OCR in frontier VLMs. Our dataset embeds
synthetic, strictly numerical sequences, ensuring
no linguistic context can aid prediction over highly
cluttered, diverse backgrounds sampled from the
COCO dataset. Crucially, we isolate visual degra-
dation as a single independent variable by system-
atically modulating the transparency («) of the wa-
termark across a gradient of visibility, ranging from
highly visible (¢ = 0.8) to near-imperceptible
(a=0.2).

By benchmarking state-of-the-art models-
including Gemini 3.0, Claude 4.5 Sonnet, and
Gemma 3 against a specialized UNet segmentation
baseline, we reveal a striking deficit in frontier
architectures. While VLMs achieve near-perfect
transcription at high visibility, their zero-shot
capabilities collapse under high transparency and
background clutter. In contrast, our dedicated
segmentation pipeline maintains robust spatial
grounding, significantly outperforming the gen-
eralist models at the lowest visibility thresholds.
Through this work, we provide the community
with a reproducible framework to diagnose and
rectify the low-level perceptual shortcomings of
modern multimodal systems.

2 Related Work
2.1 Multimodal Large Language Models

With the remarkable advancements of Large Lan-
guage Models (LLMs), recent research has ex-
tended their capabilities to multimodal domains by
integrating visual information, giving rise to Multi-
modal Large Language Models (MLLMs) (Achiam
et al., 2023; Team et al., 2023; Li et al., 2023;
Liu et al., 2023). These models typically align vi-
sual features from pre-trained image encoders with
LLMs via modality adaptation layers (Dosovitskiy
et al., 2020). Early works like BLIP-2 (Li et al.,
2023) pioneered this architecture by pre-training on
image-text datasets and fine-tuning on task-specific
benchmarks, while subsequent models like LLaVA
(Liu et al., 2023) advanced this approach by lever-
aging synthetic instruction-following data. Fron-
tier models exhibit strong performance in com-
plex scene interpretation (Zhou et al., 2023). Yet,
because these architectures leverage joint vision-
language spaces, evaluating whether their success
arises from robust spatial perception or powerful
language priors remains an ongoing methodologi-
cal challenge. This reliance on semantic priors can
overshadow a critical need to scrutinize their funda-
mental, low-level perception and spatial grounding
skills.

2.2 Evaluating Fine-Grained Perception

While MLLMs excel at global image understand-
ing, they often struggle with fine-grained tasks re-
quiring precise recognition, localization, and data
extraction (Li et al., 2024; Zhou et al., 2025). Exist-
ing benchmarks designed to probe these limitations
face primary methodological challenges. In many
traditional perception benchmarks, visual assess-
ment is often entangled with reasoning; questions
focusing on semantic concepts allow models to
rely on language priors rather than pure visual in-
put. Furthermore, to improve evaluation reliabil-
ity, many benchmarks (such as MME (Fu et al.,
2023) and SEED-Bench (Li et al., 2024)) adopted
multiple-choice formats drawn from existing Vi-
sual Question Answering (VQA) datasets, which
raises concerns about data contamination and true
zero-shot evaluation.

Other benchmarks have focused on specific spa-
tial reasoning deficits, such as object counting
in dense scenes (Amini-Naieni and Zisserman,
2025) or chart comprehension (Masry et al., 2022;
Methani et al., 2020). While these datasets have

250



driven progress in visual data extraction, they
largely feature high-contrast, clearly delineated tar-
gets.

2.3 Visual Noise and Character Recognition

The capacity of MLLMs to comprehend abstract or
low-signal visual data, such as reading text overlaid
on complex backgrounds remains a critical frontier.
While traditional Optical Character Recognition
(OCR) (Wang et al., 2023) systems are highly spe-
cialized, frontier MLLMs are increasingly expected
to perform zero-shot text extraction in the wild.
Our Watermark Benchmark Dataset departs from
existing evaluation methodologies by explicitly dis-
entangling perception from semantics. By utiliz-
ing numerical watermarks with modulated trans-
parency () across cluttered COCO backgrounds,
we remove any possible semantic cues; the model
must perceive the underlying patterns directly. This
provides a reproducible benchmark to identify the
exact breakage thresholds of multimodal percep-
tion, testing how deeply frontier models can ground
themselves spatially to extract low-signal numeric
data.

3 The Watermark Benchmark Dataset

A key contribution of this work is the curation and
release of a specialized evaluation dataset designed
to probe the limits of fine-grained visual reason-
ing and Optical Character Recognition (OCR) in
frontier Vision-Language Models (VLMs). While
standard benchmarks focus on high-contrast, leg-
ible text, this dataset introduces controlled trans-
parency to identify the exact breakage thresholds
of multimodal perception.

3.1 Composition and Diverse Backgrounds

To ensure the dataset reflects the complexity of
natural scenes, background images were sampled
from the COCO (Common Objects in Context) (Lin
et al., 2014) dataset. These images encompass
a diverse variety of textures, lighting conditions,
and cluttered environments. Synthetic watermarks
comprising random numerical digit sequences were
overlaid onto these backgrounds. The digits are
colored white, isolating transparency (opacity) as
the single independent variable, neutralizing color-
contrast bias.

3.2 Fine-Grained Transparency Modulation
(@)
The primary feature of this dataset is its system-
atic modulation of the alpha blending parameter
(). This design allows researchers to evaluate
how models transition from confident recognition
to perceptual failure as a visual signal degrades.
We generate four distinct subsets across a gradi-
ent of visibility (See Fig. 1)

* High Visibility (o« = 0.8): Serves as the con-
trol baseline to establish upper-bound model
performance.

* Medium Visibility (o« = 0.5): Mirrors stan-
dard, visible watermarking standards.

* Subtle Visibility (o« = 0.3): Designed to test
the boundary of standard feature extraction.

* Low Visibility (o« = 0.2): Pushes the bound-
aries of native multimodal zero-shot capabili-
ties.

By structuring the dataset around these transpar-
ent text, we provide a reproducible benchmark for
evaluating how deeply frontier models can ground
themselves spatially to extract low-signal text.

3.3 Dataset Composition and Structural
Properties

To ensure the dataset (Fig. 1) is robust and statisti-
cally sound, we standardized the structural proper-
ties of the generated images and text overlays.

* Scale and Splitting: The dataset contains
2,600 images designated for training the seg-
mentation baselines. For evaluation, a sep-
arate test bank of 1,000 images was evalu-
ated independently across each of the four
transparency levels (o € {0.2,0.3,0.5,0.8})
where lower a corresponds to more transpar-
ent, totaling 4, 000 test inferences per model.

* Resolution: All images are standardized to a
resolution of 480 x 640 pixels in RGB format.

» Watermark Characteristics: The watermark
vocabulary is strictly numerical, consisting
of digits 0-9. To maintain uniformity and
control for length-based bias, each watermark
contains exactly nine digits. As seen in Fig.
2, digits are uniformly distributed for all the
different o.
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Figure 1: Visual examples of watermarked images with varying opacity levels.
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Figure 2: Distribution of digits in the dataset

* Spatial Grounding: To isolate the visual
degradation caused by transparency from the
difficulties of edge-of-frame detection (Chen
et al., 2025), all digits are statically positioned
at the center of the image.

The richness of the benchmark stems from the
background imagery. Sourced from the COCO
dataset, these backgrounds capture complex, every-
day scenes where diverse objects are depicted in
their natural context. The models are therefore sub-
jected to realistic challenges such as background
occlusion, varying object scales, cluttered visual
gradients, and intricate spatial relationships.

4 Setup

4.1 Baseline: UNet Architecture and Training

To perform watermarking mask generation, we em-
ployed a UNet (Ronneberger et al., 2015) archi-
tecture characterized by its symmetrical encoder-
decoder structure and skip connections (See 2).
This design ensures that high-resolution spatial fea-
tures from the contracting path are preserved and
combined with the upsampled output to produce
precise segmentation masks, predicting the water-
marked text in our case.

* Inference Pipeline: During the inference
stage, the trained UNet model processes the

input image to generate a predicted binary
mask. This mask serves as a spatial filter to
isolate potential watermark regions. The seg-
mented regions defined by the mask are then
passed to an Optical Character Recognition
(OCR) engine, which performs the final text
prediction and extraction.

* Data Representation: The model was trained
using pairs of source images and their corre-
sponding binary watermarking masks. An
example of this training input is illustrated in
Figure 3.

* Model Configuration: The encoder follows
a progressive series of filter depths (16, 32,
64, and 128), leading to a central bottleneck
bridge of 256 channels. Each block in the
network consists of two 3 x 3 convolutional
layers followed by Batch Normalization and
ReLU activation.

* Training Parameters: The model was opti-
mized using the Adam algorithm with a learn-
ing rate of 0.001 and a momentum of 0.9.
Training was conducted with a batch size of
32 on images resized to 480 x 640 pixels.

4.2 Vision Language Models Evaluation Setup

To assess the native text extraction and visual rea-
soning capabilities of frontier Vision-Language
Models (VLMs), we conducted a series of direct
image-to-text experiments. Each model is provided
with the source image and a zero-shot prompt (See
Fig. 4) instructing it to identify and extract the
subtly embedded numbers within the image.

We evaluated the benchmark against a diverse
range of state-of-the-art multimodal architectures:

* Gemini 3.0 Pro and Flash: Google’s latest
frontier models, designed for high-fidelity vi-
sual reasoning and multimodal data extrac-
tion.
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Figure 3: Image and corresponding mask used to train UNet network

Zero-Shot Prompt

You are an OCR.

Extract the 9-digit number subtly embedded
in the foreground of the image.

Return the numbers between the tag
<number> and </number>.

If you are not able to find any number return
<number>None</number>.

Figure 4: The exact zero-shot instruction prompt pro-
vided to all Vision-Language Models during evaluation.

* Gemma 3 27B: A high-capacity open-
weights model (Team et al., 2025) utilized
to evaluate the performance of multimodal un-
derstanding in a resource-efficient framework.

* Claude 4.5 Sonnet: Anthropic’s advanced
multimodal model, included to provide a com-
parative baseline for cross-architecture robust-
ness in transcribing text from complex visual
contexts.

4.3 Evaluation Metrics

To rigorously assess the performance of both the
segmentation and the subsequent text extraction
by various Vision-Language Models (VLMs), we
employed two primary metrics. These metrics eval-
uate the model’s ability to correctly identify and
transcribe the numeric sequences embedded within
the images.

¢ Exact Match (EM): This is a strict metric
that requires the predicted string to be iden-
tical to the ground-truth string. A score of 1
is assigned if the strings match perfectly (ig-
noring case), and O otherwise. This metric is

particularly useful for assessing the reliability
of the system in high-precision scenarios.

* Character Error Rate (CER): The CER pro-
vides a more granular view of the OCR perfor-
mance by calculating the Levenshtein distance
(the number of insertions, deletions, and sub-
stitutions required) between the predicted text
and the ground truth, normalized by the length
of the ground truth (Neudecker et al., 2021).

During evaluation, these metrics were tracked
across varying levels of transparency («) to deter-
mine the breakdown point for each model’s visual
reasoning capabilities.

5 Results

We evaluate our proposed UNet+OCR pipeline
against four state-of-the-art Vision-Language Mod-
els (VLMs) across standard and cropped image
settings. The primary metrics tracked are Ex-
act Match Accuracy (Acc.) and Character Error
Rate (CER) over a transparency gradient (o €
{0.2,0.3,0.5,0.8}). The results are summarized
in Table 1.

5.1 Overall Watermark Extraction Accuracy

As transparency increases (lower «r), we observe
a non-linear decay in accuracy across all tested
models. At the control baseline of o« = 0.8, the
Gemini family of models achieves near-perfect per-
formance, with Gemini Flash 3.0 topping zero-shot
accuracy at 0.955. However, performance deterio-
rates rapidly as « scales down to 0.2.

Our proposed UNet (Ours) segmentation
pipeline significantly outperforms all zero-shot
frontier models under standard image settings. At
the most difficult visibility threshold (av = 0.2 and
a = 0.3), UNet maintains an accuracy which is
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Table 1: Comparison of Accuracy and CER across models at varying transparency levels ().

Sonnet 4.5 Flash 3.0 Pro 3.0 Gemma 3 UNet (Ours)
Image « Acce. CER Acc. CER Acc. CER Acce. CER Acce. CER
Standard 0.2 0.040 0.732 0.233 0.324 0.229 0.326 0.062 0.648 0.478 0.210
0.3 0.104 0.546 0.446 0.165 0.441 0.173 0.141 0.480 0.792 0.053
0.5 0.329 0.261 0.776 0.046 0.765 0.049 0.385 0.215 0.834 0.043
0.8 0.672 0.075 0.955 0.009 0.952 0.009 0.768 0.050 0.948 0.014

Cropped 0.2 0.030 0.771 0.289 0.294 0.284 0.291 0.062 0.647 — —

0.3 0.088 0.581 0.480 0.149 0.493 0.144 0.140 0.479 — —

0.5 0.315 0.282 0.797 0.040 0.813 0.036 0.387 0.214 — —

0.8 0.628 0.095 0.951 0.010 0.947 0.010 0.766 0.050 — —
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Figure 5: Accuracy detection at different alpha

double that of best performing VLM models. This
validates our hypothesis that global attention mech-
anisms of current general-purpose VLMs fails to
detect details when the visual signals are sparse.

5.2 Character-Level Performance and Error
Rate

While accuracy measures perfect string matches,
the Character Error Rate (CER) (Fig. 6 gives a
more granular view of localized failures. We ob-
serve that models often perceive the presence of a
watermark but struggle to transcribe all nine digits
without substitutions or deletions.

Gemma 3 27B suffers the highest degradation
in character fidelity, yielding a CER of 0.648 at
a = 0.2 on standard imagery. In contrast, the
UNet pipeline holds a low CER of 0.210 under
identical conditions. The tracking of (1 — CER)

Mean Character Accuracy vs Alpha (Bar Chart)
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Figure 6: Mean Character Accuracy as a function of Wa-
termark Strength (Alpha). Higher Alpha values indicate
more visible watermarks, leading to significantly higher
extraction accuracy across all tested vision-language
models.
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as a proxy for character-level accuracy reveals that
while zero-shot models fragment on long numer-
ical strings, segmentation-coupled OCR reliably
preserves token-by-token alignment even against
high-clutter COCO backgrounds.

5.3 Impact of Image Cropping on Detection
Success

To improve the attention signals which are driv-
ing force of Vision transformer, we cropped the
image which only captures the region containing
the numeric text (see B). Comparing the Standard
and Cropped partitions in Table 1 reveals a dis-
tinct architectural behavioral shift. Isolating the
watermark via localized bounding box improves
the zero-shot extraction.

For instance, Gemini Flash 3.0 jumps from 0.233
Accuracy at a = 0.2 on standard imagery to 0.289
when restricted to cropped dimensions. The im-
provements are also observed at o« = 0.3&0.5. No
strong improvements were observed for images
with a = 0.8, which is primarily due to the fact
that text is already very clear and visible.

5.4 Digit-Specific Confusion Analysis

To understand the precise failure modes of frontier
VLMs, we analyze the confusion matrix of predic-
tion mistakes for Gemini 3 Pro at « = 0.3 (Fig.
7). To ensure a direct character-to-character com-
parison, this analysis is restricted to watermarked
images where the predicted string length matches
the ground truth exactly.

The visual data reveals several structural insights
into model perception under high transparency:

* High-Frequency Morphological Confusion:
The most significant error mode involves true
digit 9 being misidentified as 0 (52 instances)
and true digit 3 being misidentified as 8 (51 in-
stances). These high-frequency errors suggest
that subtle closures in curved digits are easily
obscured by background textures, leading the
model to hallucinate complete ellipsoids or
connected loops.

» Vertical and Diagonal Feature Loss: There
is a notable density of errors involving the
misidentification of true digit 8 as 3 (45 in-
stances) and true digit 6 as 0 (39 instances).
Furthermore, true digit 3 is frequently con-
fused with 2 (40 instances) or 5 (38 instances),
highlighting a difficulty in resolving the spe-

Confusion Matrix (Mistakes Only): gemini_pro_3p0 (alpha_0p3)
Watermarked Images (Equal Lengths Only)
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Figure 7: Confusion matrix (Mistakes Only) for Gemini
3 Pro at a = 0.3, filtered for equal-length predictions.
Rows represent the true digits, while columns represent
the predicted digits.

cific orientation of horizontal and diagonal
strokes when « is low.

* Structural Simplification and Reconstructive
Bias: The model exhibits a tendency to hal-
lucinate non-existent strokes when resolving
faint visual signals, frequently misidentifying
1 as 4 (27 instances) and O as 9 (34 instances).
Rather than failing gracefully by outputting a
blank or a partial stroke, the model forces a
completion of the character. This suggests a
perceptual collapse driven by dataset priors,
where the model relies on top-down linguis-
tic and structural biases to fill in the blanks
of ambiguous visual inputs, resulting in false
positives for structurally similar digits.

6 Conclusion

In this work, we introduced the FAint numeric
Detection Evaluation (FADE) benchmark to rig-
orously evaluate the fine-grained visual percep-
tion of frontier Multimodal Large Language Mod-
els (MLLMs). By systematically modulating the
transparency («) of numerical sequences against
cluttered natural backgrounds, FADE provides
a unique framework to disentangle pure visual
grounding from semantic and linguistic predictabil-
ity.

Our comprehensive evaluation of state-of-the-art
models—including Gemini 3.0, Claude 4.5 Son-
net, and Gemma 3—reveals a significant percep-
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tual gap in general-purpose architectures. While
these models demonstrate high proficiency in high-
visibility contexts, their performance decays non-
linearly as transparency increases, often collapsing
ata < 0.3.

A critical finding of our error analysis is the pres-
ence of reconstructive bias: when faced with low-
signal visual inputs, MLLMs tend to hallucinate
non-existent strokes to complete digits likely based
on dataset priors rather than failing gracefully. Fur-
thermore, our experiments with image cropping
demonstrate that reducing the spatial search space
provides only modest improvements, suggesting
that the bottleneck lies in the visual encoder’s in-
ability to register sparse signals rather than a failure
of global attention.

As MLLMs are increasingly integrated into
safety-critical domains such as content moderation
and autonomous agents, addressing these low-level
perceptual blind spots is important. We hope that
FADE serves as a standard diagnostic tool for the
community to facilitate the development of more
resilient, spatially aware visual encoders capable
of genuine fine-grained visual reasoning.

7 Future Directions

7.1 Analysis of Visual Token Perturbation

A critical next step is investigating the representa-
tional shift within the latent space. Future work
should quantify how drastically the output embed-
dings of the Vision Transformer (ViT) (Dosovitskiy
et al., 2020) differ between pristine backgrounds
and their watermarked counterparts. Understand-
ing the magnitude and nature of this token-level
perturbation, particularly at low transparency ()
thresholds, will help isolate whether the primary
failure mode is the visual encoder failing to register
the weak signal or the language model failing to
interpret it.

7.2 Task-Aware Visual Encoding

Current VLM architectures typically utilize a ViT
to encode images into a static sequence of tokens,
which are subsequently processed by the language
model. While this query-agnostic approach is ef-
ficient, the generated visual tokens remain iden-
tical regardless of the user’s prompt. This limits
the encoder’s ability to dynamically focus on task-
relevant, low-contrast features. Recent research
into task-aware or query-conditioned visual en-
coders (Ganz et al., 2024) presents a promising

alternative. Applying such dynamic architectures
to this benchmark would allow the visual encoder
to actively search for and amplify fine-grained, a-
transparent signals based on the specific extraction
prompt, potentially bridging the perceptual gap ob-
served in our zero-shot evaluations.

Limitations

While the FADE dataset provides a rigorous frame-
work for evaluating visual perception, it currently
has scope constraints. First, the watermark vocabu-
lary is restricted to numerical digits. Incorporating
full alphanumeric characters and symbols would
provide a broader range of morphological complex-
ities. Second, all text is statically positioned at the
center of the image to isolate the variable of trans-
parency. Shifting the spatial distribution of text
such as placing watermarks near margins would de-
termine how VLMs handle positional embeddings
and edge-of-frame detection challenges.

Generative Al Usage

All study design, literature review, synthesis, and
writing were conducted by the authors. Genera-
tive Al tools (Gemini) were used only for grammar
checking and proofreading during the final polish-
ing of the manuscript. No generative Al system
was used to generate content, interpret prior work,
or draw conclusions. The authors reviewed and
approved all final text and remain fully responsible
for the content of the paper.
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A UNet configurations

A.1 Detailed Network Architecture

The specific layer-by-layer configuration of the UNet model is detailed in Table 2. The final output layer
utilizes a 1 x 1 convolution with a Sigmoid activation function to generate a probability map for the binary
mask.

Parameter Value
Encoder Filter Sequence 16, 32, 64, 128
Bottleneck Bridge Channels 256

Decoder Filter Sequence 128,64, 32,16
Convolutional Kernel Size 3x3

Hidden Layer Activation ReLU

Output Layer Activation Sigmoid
Dropout Probability 0.1
Optimizer Adam
Learning Rate 0.001

Table 2: Summary of UNet hyperparameters and architectural constants.

A.2 Data Augmentation Strategy

To increase dataset diversity and model generalization, the following stochastic augmentations were
applied during the training phase:

* Spatial Transformations: Random horizontal and vertical flipping (p=0.5) and random rotations
within a range of +15 degrees.

* Scaling: Random zooming with a scale factor between 0.8 and 1.2.

* Intensity Adjustments: Random contrast scaling applied between 0.5 and 1.5 to account for varying
lighting conditions in the source images.

B Cropping algorithm

For each instance, we utilized the ground-truth binary mask to delineate the superimposed numerical text.
We calculated a bounding box from the mask’s top-left and bottom-right coordinates, applied a uniform
15-pixel padding to these boundaries, and used the resulting expanded region to crop the image.
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