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ABSTRACT

Medical prescription documents pose significant challenges for automated information extraction due to
dense layouts, small text, and heterogeneous field structures. This study presents a modular pipeline that
augments a YOLO-based segmentation baseline with two lightweight strategies: (i) Sliced Aided Hyper
Inference (SAHI) for tiled processing with post-hoc merging and (ii) Block Aware Routing (BAR)
mechanism that fuses baseline and tiled predictions while enforcing a one-entity-per-class-per-block
constraint to segment prescription parameters into eight different classes. Experiments on a custom
prescription dataset with eight semantic classes, namely Block_id, Med_Name, Med_Type, Dose_strength,
Frequency, Duration, Quantity, and Instructions, show that the proposed approach improves recall on
dense textual regions without sacrificing precision. In addition, the newer YOLOv11 architecture was
evaluated, demonstrating that inference-time tiling and routing remain the dominant contributors to
small-object performance gains. The proposed framework is fully compatible with the Ultralytics
ecosystem, does not require retraining for tiling benefits, and produces class-specific crops for downstream
OCR and archival. These results indicate a practical and deployment-friendly approach to document
parsing that balances accuracy, interpretability, and efficiency.

Keywords-prescription analysis; parameter segmentation; instance segmentation; YOLOvS; YOLOv11; SAHI;

routing

I.  INTRODUCTION

Digitized medical prescriptions require a bridge between
clinical decision-making and downstream systems such as
pharmacy automation, Electronic Health Records (EHRs), and
large-scale medical analytics. Reliable extraction of structured
fields from prescription images, including the name, type,
dosage strength, frequency, duration, and instructions of the
drug, is a prerequisite for accurate treatment monitoring and
patient safety. However, this task remains challenging due to
handwriting variability, cluttered layouts, low print quality, and
dense small-font text that frequently appears in documents [1-
2].

Traditional OCR pipelines, although mature, often struggle
when applied to semi-structured documents with noisy
backgrounds or overlapping entities. Classical OCR engines
such as Tesseract and ABBYY FineReader have long been
used to digitize printed text, but often underperform on
handwritten or noisy medical prescriptions. Recent surveys
highlight that OCR accuracy deteriorates when text is small,
cluttered, or irregularly aligned [1]. Early word segmentation in
document images relied on classical image processing with
Connected Components (CC) analysis with morphological
filtering and size heuristics [3], Graph-cut formulations [4], and
Run-Length Smoothing Algorithm (RLSA) [5]. These classical
methods are efficient and interpretable, but degrade under
handwriting variability, skew, low contrast, and complex
documents. Modern approaches treat word (or text)
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segmentation as dense prediction. Binary quadratic approaches
can calculate inter- and intra-word gaps between words using
support vector machines [6], scale space techniques, seam
carving [7], and vertical projection [8].

Some deep learning approaches performed word
segmentation with BLSTM-CTC [9], EAST, and DB
(Differentiable Binarization) regress geometry/probability with
a learnable threshold [10]. PSENet and PAN expand kernels
(aggregate pixels) to separate adjacent instances [11-12].
PixelLink and SegLink predict link affinities among
pixels/segments to isolate words [13]. End-to-end spotting
systems unify detection and recognition and can produce
instance masks for words [14].

In [15], domain-specific keywords were identified in
medical prescriptions using a hidden Markov model. In [16], an
edge detection Sobel operation was implemented in a CNN to
detect and identify words in prescriptions. In [17], a
transformer-based multimodal model, encompassing stroke
enhancement, was implemented to classify the medicine type.
Compared to these approaches, this study targets semantic
entities (e.g., Instructions, Dose strength) rather than generic
word instances within dense, fine-print, and sometimes
handwritten prescriptions. Generic word segmentation can
over-fragment long instruction lines or miss domain semantics.
The proposed framework complements these tasks by using
YOLO-based instance segmentation with Slicing Aided Hyper
Inference (SAHI) and Block-Aware Routing (BAR) to recover
small/dense entities and return exactly one entity per class per
block, aligning with downstream OCR/EHR integration needs.
Recently, the introduction of YOLOvI1 has demonstrated
architectural refinements that further improve precision and
convergence dynamics for dense prediction tasks [18].

Medical prescription analysis poses unique demands that
have not been fully met by these baselines. First, small and
densely packed entities, such as dosage, frequency, or
instructions, are often missed at standard input resolutions due
to scale trade-offs. Second, duplicate predictions can arise
when similar text segments appear repeatedly across blocks. To
address these issues, two complementary strategies have
emerged in related domains: sliced inference, where images are
partitioned into overlapping tiles to boost recall for small
objects, and post-hoc merging, which consolidates duplicate
detections across tiles [19]. However, tiling alone can harm
precision by producing redundant predictions, although it has
been effective in aerial imagery [20] and medical imaging [21].
Naive tiling introduces duplicate detections across slices, which
can reduce precision. Merging algorithms, such as NMS [22],
Soft-NMS, and Weighted Boxes Fusion (WBF) [23], have been
employed to reconcile overlaps, but often rely on fixed
heuristics. Prescription parsing benefits from SAHI, as dense
instructions and dosage fields occupy small regions that are
easily missed by global detectors. A related stream of work
focuses on routing and deduplication of overlapping
predictions. More recently, task-specific routers have been
applied in document extraction, where a prediction is enforced
per class per block to align with the semantic structure [24].
Such strategies align with the proposed block-aware routing: by
combining baseline YOLO predictions with tiled SAHI outputs

and enforcing a one-entity-per-class constraint, duplication can
be mitigated while improving the completeness of prescription
blocks.

This motivated the current work, wherein a lightweight and
deployment-friendly pipeline integrates SAHI-style tiled
inference with a block-aware routing mechanism. The routing
step enforces a  one-entity-per-class-per-block  policy,
suppressing duplicates while retaining recall gains. The
systematic evaluation of the approach uses both YOLOv8 and
YOLOv11 backbones, demonstrating improved recall and
mean Average Precision (mAP) on a custom prescription
image dataset. The contributions of this study are threefold:

e Benchmarks YOLOv8 and YOLOvl1l for handwritten
medical prescription segmentation and analyzes their
performance trade-offs.

e Augmented inference with SAHI tiling shows consistent
recall improvements on small and dense classes.

e Invokes a block-aware routing phase that deduplicates
predictions per semantic block, yielding valid output
suitable for downstream OCR/EHR integration.

II. PROPOSED METHODOLOGY

The proposed framework integrates a baseline instance
segmentation backbone with a tiling-based enhancement
strategy and a block-aware routing mechanism. The system is
designed to operate on scanned prescription pages and deliver
structured, deduplicated entity crops for downstream
recognition tasks. Figure 1 illustrates the overall pipeline,
which builds upon a YOLO-based segmentation backbone
augmented with inference tiling and block-wise routing. The
goal is to maximize recall for dense, small-text fields while
preserving precision and delivering one consistent entity per
semantic class per block. The approach is split into four stages:
detection backbone, tiled SAHI inference, block-wise routing,
and export.

A. Problem Definition

Let a prescription image be I € R?*W*3 with ground-truth
instances

y= {(bj.m;,cj)}j.”_l )

where bj is a bounding box, m; is an instance mask, and ¢ EC
denotes the class label among eight categories: Block id, Med
Name, Med Type, Dose strength, Frequency, Duration,

Quantity, and Instructions. The detector must predict:

7 = {(be M G0 8))_, @)

such that recall and mask coverage are maximized, while
enforcing at most one entity per class per block.

B. Dataset Description

The custom dataset used in this study consists of Region of
Interest (Rol) images (Body region) extracted from handwritten
prescription templates collected from multiple healthcare
organizations [25]. These prescriptions reveal substantial
variability in layout, handwriting style, and spatial resolution,
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reflecting real-world clinical documentation. The extracted
Rols undergo a standardized preprocessing pipeline that
includes normalization and removal of noise, skew, and line
artifacts, resulting in a grayscale representation. The dataset
comprises 1040 images with varied resolutions and content,
enabling robust evaluation under realistic conditions. Currently,
the dataset has not been made publicly available as it will be
utilized in subsequent research activities. However, it will be
made available upon request in the future.

For each image in the dataset, manual annotations were
created in Label Studio using a predefined class taxonomy,
with eight distinct classes or text regions: Med_Name,
Med_Type, Frequency, Dose_Strength, Duration, Instructions,
Quantity, and Block_id. The related entities belonging to the

same prescription entry were grouped under a shared Block_id.
This imposes layout-level consistency, ensures that
semantically related fields are treated as a coherent structural
unit, and block coherence maintains consistent spatial grouping
across annotations. All annotations were visually verified and
iteratively refined to ensure consistency and correctness across
the dataset. Figure 2 illustrates an example handwritten
prescription image along with its corresponding annotations.
The left panel shows the original handwritten prescription
input, while the right panel represents the annotated regions,
highlighting different semantic classes such as Med_Name,
Frequency, Instructions, and their grouping through the
Block_id class. Each shaded region corresponds to a distinct
annotated class, and the blocks are visually grouped to
represent individual prescription entries.
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Fig. 2.

C. Baseline YOLO

The baseline employs a YOLO-based segmentation
detector (YOLOV8 or YOLOvI11), trained on the annotated
prescription dataset with eight semantic classes. A single
forward pass is carried out at resolution 896x896, producing
per-instance boxes and prototype-driven masks. This module
excels in recognizing medium-to-large entities such as
Med_Name and Quantity, offering low latency. The proposed
model adopts the YOLOv8m-seg and YOLOvIIlm-seg
architectures as baselines. These models employ CSP-based
backbones and PAN/FPN necks for feature aggregation, trained
with multi-task losses:

Sample data with its corresponding annotation

L =
Abox LCIoU + Acls Lcls + Amask(LBCE + L’Dice) (3)

Training is performed with AdamW, cosine learning rate
decay, and augmentations that preserve text readability (copy-
paste, mosaic, HSV jitter, mild perspective).

D. Slicing Aided Hyper Inference (SAHI)

To address the under-detection of small or densely packed
text, the system incorporates a tiling strategy via SAHI. The
image is partitioned into overlapping tiles (896x896 with 35%
overlap), and the detector is applied independently on each tile.
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This resolution preserves the details of fine handwritten strokes
by limiting the number of slices per page so that small strokes
and character details remain well represented for the detector,
and 35% overlap ensures that the words near tile boundaries are
fully captured at least in one of the slices. Large slices reduce
their total number but increase the per-slice computation and
GPU memory. Predictions are remapped to global coordinates
and merged through operators such as NMS, Soft-NMS,
Greedy-NMM, or Weighted Boxes Fusion (WBF). This path
improves recall for classes like Dose_strength, Duration, and
Instructions.

T(I; S,0) = {t Yk= “)
where S and o are the tile size and fractional overlap.

E. Block-Aware Routing (BAR)

Since both streams may produce duplicates or conflicting
predictions, a Lowest-Cost Routing (LCR) module is
introduced. Each prescription page is segmented into blocks
(via Block_id), and candidates from both paths are grouped per
block and per class. Within each block, the router selects at
most one candidate per class based on a utility function that
balances confidence score, spatial alignment, and overlap
penalty. This ensures a deduplicated, one-entity-per-class
layout. Both baseline and tiled predictions are combined
through an LCR scheme. For each detected block B, candidate
detections are grouped by class. A composite utility is defined
as:

u(d | B) =
a-s;— B -dist(by, B) —v - conflict(d,B) 5)

where s, is the confidence score, dist is the normalized spatial
distance, and conflict penalizes overlaps with high-priority
classes. The router selects

dc(B) =
argmax(d € Dg,cq = c)u(d | B) (6)
to ensure one entity per class per block.

F. Exports and Visualizations
The routed predictions are exported in two forms:

e Full-page overlays with color-coded class outputs for
human validation.

e C(Class-specific crops saved in
Med_Type, Instructions).

separate folders (e.g.,

This modular design allows flexibility, and practitioners
can choose baseline-only crops for reliability, tiled-only crops
for recall, or routed outputs for balanced performance.

The proposed method improves recall on small-text fields
by tiling, preserves precision via routing, and produces clean
and deduplicated outputs suitable for real-world deployment.
Compared to baseline YOLO, the combination of YOLO
+SAHI+BAR balances recall and precision while standardizing
outputs for block-structured recognition.

III. RESULTS

The baseline YOLO model was trained on an NVIDIA T4
GPU using a fixed input resolution of 896x896 pixels, a batch
size of 2, a learning rate of 3x10*, and optimized with the
AdamW optimizer. This resolution preserves fine stroke-level
details of handwritten words while limiting the number of
inference tiles per page. For slice-based inference, SAHI was
employed with a slice size of 896x896 and 35% overlap,
ensuring that the words crossing the slice boundaries
completely appear inside at least one slice. The custom dataset
comprises 1040 images with different spatial resolutions,
reflecting real-world document variability. During evaluation,
both grayscale and color image representations were examined
to assess the robustness of the model under distinct input
conditions. During inference, the merging parameters and
confidence thresholds were kept stable with confidence €
[0.20 — 0.25], and NMS IoU of 0.55, and performance was
measured using standard metrics such as Box mAP@50, Box
mAP@50:95, Mask mAP@50, Mask mAP@50:95, and
Recall@0.5. To ensure fair and consistent comparison, all
experiments were trained and evaluated using similar
hyperparameter settings.

Table 1 summarizes the performance of the baseline
YOLOvI11-seg model over different training-validation data
split ratios, such as 50:50, 60:40, 70:30, and 80:20. The
evaluation metrics measure the detection and segmentation
accuracy across various IoU thresholds. The results
demonstrate that the 70:30 ratio yielded the most balanced and
notable performance. At this ratio, the baseline YOLOv11-seg
achieved the highest Box mAP50 (0.932), Box mAP50:95
(0.715), Mask mAP50 (0.934), and Mask mAP50:95 (0.648),
with a peak Recall@0.5 of 0.929. This configuration provides
an optimal balance between the amount of training data and the
model's ability to generalize adequately to unseen samples. The
persistent high recall and precision indicate that the model can
accurately localize and segment instances across diverse
prescription templates without significant false negatives.

TABLE L. PERFORMANCE COMPARISON OF BASELINE
YOLOV11-SEG ACROSS VARIED TRAIN AND VALIDATIO
SPLITS
Ratio Box Box Mask Mask Recall
mAP5(0 mAP50:95 mAP50 |mAP50:95 @0.5
50:50 0.905 0.673 0.822 0.556 0.831
60:40 0916 0.680 0.838 0.564 0.837
70:30 0.932 0.715 0.934 0.648 0.929
80:20 0.920 0.690 0.884 0.590 0.854
In contrast, the 50:50 and 60:40 splits indicate

comparatively lower performance across all metrics, likely due
to insufficient training data, which restricts the model's ability
to learn robust spatial and contextual representations. Although
the 80:20 split offers a slightly higher training volume, it shows
a diminished generalization performance, with a decrease in
Mask mAP50:95 (0.59) and Recall@0.5 (0.854). This suggests
a mild overfitting, where the model becomes more tuned to the
training data distribution and less effective on validation
samples.
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A. Ablation Study

Table II describes a comparison of YOLOv8 and
YOLOv11 models, with and without integrating the proposed
SAHI and BAR modules. SAHI merging thresholds were tuned
by sweeping the IoU and confidence thresholds of baseline and
SAHI over the validation split and selecting the setting with the
best recall without inflating duplicate detections. The study
evaluated with an IoUe[0.4 —0.6] and
confidence e [0.20 — 0.55] and selected the thresholds that
yielded the best balance in retaining true positives. This tuning
helps the merging stage by preserving high recall and
maintaining stable precision.

TABLE IL. PERFORMANCE COMPARISON OF MODEL WITH
SAHI TILING + BAR

Method Box Box Mask Mask Recall

etho mAP50 |mAP50:95| mAP50 |mAP50:95| @05

YOLOvS 0.925 0.703 0.925 0.640 0.913
YOLOV8+

SAHISBAR | 0927 0.707 0.93 0.642 0.926

YOLOv11 0.932 0.715 0.934 0.648 0.929
YOLOvI1+

SAHI+BAR | 0934 0.718 0.936 0.651 0.938

YOLOv11 outperformed YOLOVS across all metrics,
confirming the remarkable feature extraction and spatial
representation capabilities of the newer backbone. When
incorporating the SAHI and BAR modules, performance was
further improved, particularly in the YOLOv1l framework.
The YOLOvVI114+SAHI+BAR configuration achieved the
highest values across all parameters, with Box mAP50 of
0.934, Box mAP50:95 of 0.718, Mask mAP50 of 0.936, Mask
mAP50:95 of 0.651, and Recall@0.5 of 0.938. These persistent
gains demonstrate that the SAHI module improves localization
precision and segmentation by enhancing the model's ability to
capture discriminative spatial and contextual features, while
BAR selects at most one candidate per class based on a utility
function that balances confidence score and overlap penalty.
The enhancements are evident in the finer-grained metrics
(mAP50:95 and Recall), which highlight the benefit of the
SAHI and BAR modules in refining multi-scale features and
improving overall generalization.

Table III presents the per-class Recall@loU0.50
comparison, offering a more intricate perspective of
SAHI+BAR modules, which influence individual class

performance. Among all classes, Block-id achieves the highest
recall (up to 0.994), while Instructions remains the most
challenging category due to its dense and complex text
structure and few samples. The YOLOvI11+SAHI+BAR
configuration consistently achieved the best per-class results,
showing a distinct improvement in Frequency (0.977), Med-
Name (0.966), Dose-strength (0.894), and Duration (0.892).
The overall recall rose from 0.913 (YOLOvS8) to 0.938
(YOLOvV11+SAHI+BAR), confirming the reliability of the
proposed enhancement in segmenting different and fine-
grained entities. These results demonstrate that YOLOvI11
provides a stronger baseline, and the SAHI and BAR modules
further refine class-specific sensitivity and improve model
robustness across all prescription parameter categories, making
it a superior configuration for segmentation tasks.

TABLE IIL. PER-CLASS RECALL@IOU_0.5

YOLOvV8+ YOLOv11+

Class YOLOvS SAHI +BAR YOLOv11 SAHI +BAR
Block_id 0.990 0.992 0.993 0.994
Dose_strength 0.872 0.876 0.882 0.894
Duration 0.870 0.878 0.880 0.892
Frequency 0.961 0.968 0.971 0.977
Instructions 0.774 0.835 0.839 0.847
Med_Name 0.947 0.952 0.961 0.966
Med_Type 0.953 0.955 0.963 0.975
Quantity 0.936 0.948 0.950 0.955
Overall 0.913 0.926 0.929 0.938

B. Quantitative Analysis

Table IV shows a quantitative evaluation of the proposed
YOLOvVI1+SAHI+BAR model against different widely
adopted advanced object detection and instance segmentation
frameworks, including Mask-RCNN [26], Mask-DETR [27],
and EfficientDet-D3 [28]. The comparison was performed
across the evaluation metrics Box mAP50, Box mAP50:95,
Mask mAP50, Mask mAP50:95, and Recall@0.5. Considering
detection accuracy, YOLOv11+SAHI+BAR attained the
highest box mAP50 of 0.934, which is an absolute
improvement of 0.016 over EfficientDet-D3 (0.918), 0.018
over Mask-RCNN (0.916), and 0.052 over DETR (0.882).
Similarly, in the metric Box mAP50:95,
YOLOvV11+SAHI+BAR  attained 0.718, outperforming
EfficientDet-D3 (0.689) by 0.019, Mask-RCNN (0.691) by
0.027, and DETR (0.689) by 0.029. These gains indicate the
stronger capability of the proposed model to maintain detection
precision across varying object scales. In addition, the
confidence score was increased to 0.90, 0.85, and 0.78 with the
proposed IoU thresholds.

For segmentation performance, the proposed
YOLO+SAHI+BAR model yielded a Mask mAP50 of 0.936,
showing improvements of 0.016 and 0.042 compared to Mask-
RCNN and Mask-DETR, respectively. As EfficientDet-D3
supports only bounding box segmentation, mask-related
metrics cannot be performed. Similarly, Mask mAP50:95
improved to 0.651, exceeding Mask-RCNN by 0.018 and
DETR by 0.042. These consistent improvements across both
box- and mask-level metrics indicate that the
YOLOv11+SAHI+BAR model attained more refined
segmentation boundaries and maintained superior accuracy
even under higher IoU thresholds. In terms of recall,
YOLOv11+SAHI+BAR attained a Recall@0.5 of 0.938,
marking improvements of 0.018 over EfficientDet-D3 (0.92),
0.024 over Mask R-CNN (0.914), and 0.038 over DETR (0.90).
These results highlight the model's sensitivity and reduced
false-negative rate in identifying all relevant regions.

TABLE IV. PERFORMANCE COMPARISON OF THE
PROPOSED WITH OTHER ADVANCED MODELS

Method Box Box Mask Mask Recall
mAP50 |mAP50:95| mAP50 |mAP50:95| @0.5
Mask R-CNN 0.916 0.691 0.92 0.633 0.914
Mask DETR 0.882 0.658 0.894 0.609 0.900
EfficientDet -D3| 0.918 0.689 - - 0.920
Proposed 0.934 0.718 0.936 0.651 0.938
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Figure 3 shows how SAHI and BAR improve the
confidence scores of some classes, such as Dose_strength and
Duration, with the YOLOv11 baseline. The green color
bounding boxes represent detected classes from the baseline
YOLOv11, and the red color bounding boxes represent the
detected classes from YOLOVI1+SAHI+BAR, along with
confidence scores. The confidence scores for Dose_strength
and Duration are 0.84 (in Blockl) and Duration is 0.73 (in
Block2) from the baseline model, but increase to 0.90, 0.85,
and 0.78, respectively, with the proposed model.

C. Efficiency

Table V reports Parameters, GFLOPs, and FPS for the
different models on a T4 NVIDIA GPU. YOLOv8m-seg and
YOLOvI Im-seg exhibit remarkable efficiency with relatively
fewer parameters, 27.3 M and 22.4 M, respectively, compared
to Mask-RCNN (44.2 M) and DETR (41.3 M). Although
YOLOv11m-seg shows slightly higher computational demands
(113.2 GFLOPs) than YOLOv8m-seg (110.2 GFLOPs), the
increase is justified by enhanced architectural refinements to
improve segmentation accuracy.

The inference throughput of YOLOvI1lm-seg achieves
substantially higher performance, with 2.14x the FPS of Mask-
RCNN while engaging 27% fewer GFLOPs, and 2.73x the FPS
of DETR with 22% fewer GFLOPs. These results demonstrate
the efficiency of the YOLOvllm design, which offers
improved feature extraction and optimized decoding
mechanisms. While EfficientDet-D3 shows the lowest
parameter count (12 M) and reduced GFLOPs (25), it achieves
relatively lower FPS (24), showing that theoretical reductions
in FLOPs do not always correspond to practical runtime gains.
This difference reinforces the influence of hardware-specific
factors such as memory throughput, kernel optimization, and
post-processing latency.

The YOLOvI1 1m-seg provides an optimal trade-off between
computational complexity and inference speed. Its balance of
low parameter counts, moderate GFLOPs, and high FPS
renders it highly efficient for real-time medical prescription
parameter segmentation tasks, where both accuracy and latency
are crucial for practical deployment.

Predicted classes from the baseline and the proposed model.

TABLE V. EFFICIENCY COMPARISON OF DIFFERENT
MODELS
Method Params (M) GFLOPs FPS
YOLOv8m-seg 27.3 110.2 3.6
YOLOvI1Im-seg 224 113.2 3.5
Mask R-CNN 44.2 134.2 5

DETR 41.3 86 108
EfficientDet-D3 12 25 24

D. Error Analysis

Validation errors were systematically examined and
categorized into four primary types, as shown in Table VI. The
most frequent concern observed was small-font misses in dense
regions, which could be reduced by increasing the local
resolution, although a few residual misses persist in extreme
clutter. SAHI improves the detection of each word by
processing it into a high-resolution slice and preserving fine
handwritten details that are lost in downsampling. In addition,
preserved pixel and stroke information reduces missed
detections in densely written and small-font regions. Slice
overlaps ensure that the words near the boundary are captured
at least in one slice, mitigating the boundary induced false
negatives. Tile-boundary fragments or duplicates were arising
primarily from overlapping artifacts and were effectively
mitigated using a block-aware routing mechanism. Class
confusion errors occasionally appear due to contiguous block
strings, leading to misclassification among visually similar
components. Block misassignment errors were identified when
a valid region was erroneously assigned to an incorrect block,
often resulting from spatial proximity or alignment ambiguity.
The detections produced from overlapping slices were merged
into a global coordinate space without layout level constraint.
The slice-based inference lacks global contextual cues like
inter-block spacing, resulting in ambiguous block labeling
when words lie close to structural borders. This inconsistent
prediction across adjacent slices causes incorrect detection
associated with a neighboring block in the merging stage. To
address this, the block-aware post-hoc employs region-specific
non-maximum suppression with Hungarian matching to resolve
ambiguities and reduce cross-block confusion. Collectively,
these error findings highlight the dominant sources of schema-
compliance and recall deviations in the validation phase.
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TABLE VL VALIDATION ERROR BREAKDOWN
Category Observations
Small-font miss in dense | Reduces by increasing local resolution; residual
regions misses persist in extreme clutter.

The block-aware router suppresses the overlap
artifacts.
Contiguous block strings
Valid fields attached to wrong blocks.

Tile-boundary
duplicate/fragment
Class confusion
Block misassignment

IV. DISCUSSION

The experiments aimed to enhance the segmentation of
structured prescription components from prescription images
by augmenting a strong YOLO-based segmentation baseline
with inference-time tiling (SAHI), a lightweight routing
mechanism (BAR), and the integration of a more recent
YOLOvV11 backbone.

For fields such as Instructions and Duration, where small
fonts and crowded layouts are common, tiling with
GreedyNMM merging produced recall gains of +5.7 pp and
+1.3 pp, respectively. This confirms the hypothesis that fixed-
resolution global inference struggles with fine-grained tokens,
while tiling increases the effective resolution seen by the
detector. However, tiling alone occasionally introduced
duplicates, particularly near tile boundaries.

The routing stage (best-of-both) preserved the cleaner
outputs of the baseline by enforcing a one-entity-per-class-per-
block constraint. By prioritizing the highest-utility candidate
per class, routing mitigated duplication while retaining the
recall benefits of tiling. This was especially effective for
Instructions and Quantity, where multiple overlapping
predictions would otherwise reduce mAP.

Compared to YOLOVS, the YOLOv11 backbone introduces
lightweight attention mechanisms and structural refinements,
leading to improved mAP50:95 and more stable training
dynamics. However, inference-time tiling and routing remained
the dominant contributors to recall improvements, suggesting
that architectural advances alone do not fully resolve small-
object challenges. Tiling increases the inference time
approximately 2-3 times compared to single-pass baseline
inference, as each document requires multiple overlapping
slices. Although routing adds negligible cost, deployment in
latency-sensitive environments may require adaptive tiling
strategies.

Box-level performance remained consistently stronger than
mask-level metrics. This is expected given the complexity of
polygon annotations for thin, elongated fields (e.g.,
Instructions), where minor boundary deviations cause larger
IoU penalties. Future work may integrate refinement modules
(e.g., CRF or SAM-based boundary correction) to improve
mask fidelity. Improvements were concentrated in classes with
small or dense instances. For larger, well-separated classes
(e.g., Med_Type, Block_id), the baseline already performed
strongly, and tiled inference offered limited gains. This
imbalance points to opportunities for class-specific thresholds
or adaptive routing strategies.

V. CONCLUSION

Medical prescription documents remain challenging for
automated information extraction due to dense layouts, small
handwritten text, and highly varied field structures,
underscoring the need for robust and block-aware segmentation
strategies. Existing methods rely on architectural modifications
and multi-stage detector-based models to improve the
performance at the cost of increased training complexity and
deployment overhead. This work presents a modular and
inference-efficient framework for structured segmentation of
medicine and its parameters from handwritten prescription
documents by using YOLO-based segmentation with SAHI
tiling that consistently improves recall in dense and small-font
regions without compromising the precision, with BAR further
resolving the cross-tile duplication and block misassignment,
producing stable one-entity-per-class output that has not been
explicitly explored in prior prescription parsing or document
segmentation studies, being better suited for downstream OCR
and archival workflows.

The proposed model was quantitatively compared against
various established object detection and instance segmentation
models, outperforming existing methods by achieving Box
mAP50 of 0.934, Mask mAP50 of 0.936, and Recall of 0.938.
Overall, this approach demonstrates a practical balance
between accuracy and deployment efficiency, showing that
inference-side strategies, combined with light-weight routing
logic, can substantially enhance structured document parsing
pipelines in real-world scenarios.
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