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Abstract. Leprosy, caused by Mycobacterium leprae, remains a global chal-
lenge, requiring strategies to achieve disease elimination by 2030. In Brazil, the
Simplified Neurological Assessment (from Portuguese Avaliacdo Neurologica
Simplificada, ANS) is mandatory for suspected cases; however, the form is still
manually fulfilled, which limits the use of data. This study evaluates compu-
ter vision models (YOLOv8x, YOLOI Ix, Faster R-CNN) for detecting hand and
foot sensitivity regions from ANS forms. All models were evaluated based on
precision, recall, mean average precision (mAP) and confusion matrix. YOLO
variants achieved over 94% precision and 84% recall across all classes. Au-
tomating ANS data extraction can facilitate the creation of structured datasets,
enhancing disease monitoring and enabling the train of predictive models.

1. Introduction

The 2030 Agenda of the World Health Organization (WHO) prioritizes the fight against
Neglected Tropical Diseases (NTDs) under the Sustainable Development Goal 3 (SDG 3),
which aims to ensure healthy lives and promote well-being for all [WHO 2021]. Among
these diseases, leprosy remains a critical world challenge, requiring strategies for early

diagnosis and epidemiological surveillance, which are essential for the global elimination
of the disease by 2030 [WHO 2024].

Caused by Mycobacterium leprae, leprosy affects the skin and peripheral ner-
ves, potentially leading to loss of sensation, muscle weakness, paralysis, skin lesions,
and, in advanced stages, deformities such as claw hand, foot drop, spontaneous am-
putations, and ocular complications that increase the risk of blindness [WHO 2017].
Considering the high potential of leprosy to cause irreversible physical disabilities
[Brasil. Ministério da Saude 2022], early detection and monitoring are essential to pre-
vent severe impairments.

Only in 2023, 182,815 new cases of leprosy were reported globally, with Bra-
zil accounting for 22,773 cases—representing nearly 92% of cases in the Americas
[WHO 2024]. The monitoring the progression of leprosy and supporting its diagnosis
still largely depends on clinical evaluations. In this context, in Brazil, the Simplified



Neurological Assessment (from Portuguese Avaliacdo Neurologica Simplificada - ANS)
plays a crucial role in standardizing the assessment of sensation, muscle strength, and pe-
ripheral nerve thickening, enabling early identification of neurological impairments and
the classification of physical disability grades[Nobrega et al. 2024].

According to the guidelines of the Brazilian Ministry of Health, the ANS is a man-
datory examination that must be performed at the time of diagnosis, every three months
during Uniform Multidrug Therapy (U-MDT), and at the final supervised dose. In a
12-month treatment regimen, this recommendation implies conducting at least four asses-
sments per year. Consequently, each completed form becomes a valuable source of data
for monitoring disease progression and extracting crucial information for clinical practice
[Ministério da Satude 2022].

1.1. Motivation

The ANS form is a standardized neurological assessment tool used to evaluate basic neu-
rological functions in patients. Currently, all ANS forms are completed manually, and
there is no national digital system to store and manage the data collected. This lack of
digitization hinders data analysis, decision-making, and the potential application of Al for
deeper insights and automation.

Textual data can be extracted using conventional Optical Character Recogni-
tion (OCR) techniques. But, as this study explores non-textual elements in the form,
especially the sensory evaluations performed with Semmes-Weinstein monofilaments
[Leite et al. 2010] on the patients’ hands and feet, we need other alternatives to cover
image. In this case, developing methods to accurately detect Regions Of Interest (ROIs)
related to sensitivity assessments from the ANS form is essential to complement existing
techniques for extracting textual and tabular data.

1.2. Objectives

Although OCR-based methods have significantly advanced in extracting textual data from
medical records [Hsu et al. 2021, Leite-Moreira et al. 2022], they often overlook non-
textual elements—such as the color-coded monofilaments used in ANS forms for sen-
sitivity assessments. This study aims to develop an automated pipeline for extracting
image-based data from ANS forms to provide data for analysis on the monitoring of le-
prosy patients, focusing on the sensitivity assessment sections of the hands and feet. For
that, we compare the performance of YOLOv8x !, YOLO11x ? and Faster R-CNN (imple-
mented in Detectron2) 3. These models are used for Detection of ROIs and the sensitivity
markers (through color and symbol analysis).

2. Material and methods
2.1. ANS form

The ANS form [Ministério da Saude - Secretaria de Vigilancia em Satde 2021] exists in
two versions. In the older version, the sections for inspection and sensitivity evaluation

Thttps://yolov8.com/
Zhttps://yolol1.com/
3https://ai.meta.com/tools/detectron2/



include only three pairs of hands and feet, with larger outlines. In contrast, the newer
version provides four pairs of each, offering an additional inspection. Despite these dif-
ferences, both versions include textual records covering complaints related to the nose
(dryness, wounds, septal perforation) and the eyes (reduced corneal sensitivity, decreased
muscle strength of the upper eyelids, and corneal opacity). They also document com-
plaints in the upper and lower limbs, as well as the palpation and strength evaluation of
the radial, ulnar, and median nerves in the upper limbs, and the fibular and tibial nerves
in the lower limbs.

The sensitivity assessment is related to hands and feet of patients. Each form
consisted of two pages, with the first page featuring the hand sensitivity assessment at the
bottom, while the second page displayed the foot sensitivity assessment at the top; and
other information that are not the focus of this work. Figure 1 shows both hand and foot
sensitivity images present in the ANS form.
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Figura 1. Inspection and sensory assessment of hands and feet present in the
ANS form

To measure the sensitivity of patients, the health professional uses calibrated mo-
nofilaments, named esthesiometer, in which each monofilament is identified by a color
corresponding to a specific force. The nylon monofilaments are pressed against the pati-
ent’s hands and feet, and when they bend, it confirms that the corresponding force, mea-
sured in gram-force (gf), has been applied. Under normal conditions, a 2.0 gf stimulus —
represented by the violet or purple color, should be perceived, indicating the integrity of
the nerve function. When the patient presents a nerve degeneration, i.e., they do not fell
the monofilament in the specific point of hands or feet, the stimuli of increasing intensity



must be applied, such as 4.0 gf (red), 10.0 gf (orange, marked with an “X”), and 300 gf
(pink or filled in with black if not perceived). This step-by-step assessment helps iden-
tify the extent of neurological impairment. The graphical representation of these results,
through filled or marked circles, facilitates immediate clinical interpretation, allowing a
rapid correlation between the sensory pattern and the stage of nerve injury.

2.2. Dataset preprocessing

This study utilized 165 ANS clinical records collected at a Hospital Otdvio de Freitas,
Recife, Brazil. All records were fully digitized, resulting in images containing both pages,
in JPG format. The digitization process maintained the integrity of the records, without
loss of information or need to exclude low-quality images.

2.2.1. Image segmentation (cropping)

To extract the regions of interest from each form, a segmentation algorithm was developed
that uses minimum and maximum coordinates to delimit the areas of interest. In this
process, the limits for the hands are defined as (x_min=0, y_min=1360, x_max=1363,
y-max=1920), corresponding to the bottom part of the first page, while the limits for the
feet are defined as (x_min=1366, y_min=544, x_max=2676, y_max=1044), corresponding
to the top part of the second page. Thus, for each ANS form, two images are generated:
one containing the hand sensitivity assessment (Figure 2a) area and the other containing
the foot sensitivity (Figure 2b) assessment area.
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(b) Foot section

Figura 2. Example of a cropped image of the (a) hand and (b) foot sensitivity
inspection section

During the digitization process, the original record images exhibited three distinct
resolutions (2,724 x 1,926, 2,806 x 1,984, and 3,507 x 2,480 pixels). After the automated
and manual cropping of the regions of interest, the resulting images were saved while
maintaining the dimensions of the cropped areas corresponding to the hand and foot sen-
sitivity regions. Additionally, images containing blank sensitivity assessments (i.e., forms
where no assessment was recorded, either of the hands or feet) were removed from the
dataset.



2.2.2. Image standardization (resizing)

For models training, the images were resized to 640 pixels by both architectures, ensuring
uniformity in the input. This resizing was performed while preserving the proportions of
the images and without distortions, which ensured consistency in the data for the training
and inference stages. In this way, the differences in the original resolutions of the digi-
tized images did not impact the model, as standardization occurred during the internal
processing by the detection networks.

After this step, the resulting images were stored individually, each image has its
respective section for sensitivity assessment of the hands and feet. At the end of the
preprocessing stage, a total of 262 images were generated, comprising 165 hand images
and 97 foot images, all resized to 640x640 pixels. These images were then splitted into
three subsets: training, validation, and test, with the following proportions 70%, 15% e
15%, respectively.

2.2.3. Image annotation (labeling)

Using labellmg “, an open-source tool for image annotation, each image was manually
annotated following a unified labeling scheme employing bounding boxes. Each object is
represented by a line in an annotation file. Each line contains the class identifier and the
bounding box’s normalized coordinates—specifically, the center (x, y), width, and height
relative to the image dimensions. The image is divided into an SxS grid, with each cell
responsible for predicting B bounding boxes along with their confidence scores. During
training, a loss function is optimized to minimize localization and classification errors
[Redmon et al. 2016].

Using a Python script, the bounding box annotations from each image were auto-
matically converted to the COCO JSON format, the annotation model used by Detectron?2.
This process involves extracting, from each annotation file in the YOLO format, the class
identifier and the normalized coordinates of the bounding boxes, restructuring this in-
formation into a single JSON file containing keys such as “images”, “annotations”, and
“categories”. After the conversion, all the boxes were displayed on each image to verify

the integrity of the annotations, as shown in Figure 3.
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Figura 3. Example of labeled (a) hands and (b) feet
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After preprocessing, the final dataset comprised 10,220 instances distributed
across 11 distinct classes—including categories such as colors, hand, and foot, as detailed
in Table 1. The dataset was then partitioned into training, validation and test sets.

Classes Train Validation Test
All 7448 1520 1252
Green 1236 341 205
Blue 1146 149 169
Purple 1179 175 250
Red 387 68 111
Orange 362 98 59
Pink 656 224 126
Did not feel pink 1658 299 194
Right Hand 261 49 44
Left Hand 262 49 44
Right Foot 152 34 25
Left Foot 149 34 25

Tabela 1. Instances per class of the dataset

2.3. Models and Parameters

The YOLO family is based on a unified architecture that performs object detection in a
single pass through the network, dividing the process into three main stages: a backbone
that extracts relevant features from the image, a neck that aggregates information at multi-
ple scales, and a decoupled head that separates regression (localization) from object clas-
sification. This single-shot structure allows the model to process the entire image at once,
optimizing inference time and facilitating real-time applications [Redmon et al. 2016].

In the case of the YOLOv8x and YOLO11x variants, both maintain this funda-
mental structure; however, YOLO11x presents additional refinements. While YOLOv8x
already uses C2f-type modules in the backbone to improve gradient flow and employs
multi-scale integration through the neck, YOLO11x enhances this feature extraction with
adjustments in the backbone architecture and the fusion of information from different
resolutions. Furthermore, the decoupled head of YOLOvS8x, which uses loss functions
such as CloU and focal techniques to align localization and classification predictions—is
refined in YOLO11x through a more robust task alignment score>.

Both models were trained with the same configuration, but using different GPUs:
YOLOvVSx was trained on an NVIDIA Tesla T4 ¢, while YOLO11x was trained on an
NVIDIA L4 7. Was used Ultralytics 8.3.75, Python 3.11.11, and Torch 2.5.1+cul24,
with images resized to 640x640 pixels, 100 training epochs, and a batch size of 16. The
loss function weights were set to 0.05 for the localization loss (box loss) and 0.5 for the
classification loss (cls loss), allowing that the observed differences stem from architectural
variations rather than training parameters.

Shttps://docs.ultralytics/
Shttps://www.nvidia.com/en-us/data-center/tesla-t4/
"https://www.nvidia.com/en-us/data-center/14/



Regarding the structure, YOLOvVS8x initially features 365 layers, 68 million para-
meters, and a computational cost of 258.2 GFLOPs, which is reduced to 257.4 GFLOPs
and 112 layers after fusion. In contrast, YOLO11x has a deeper architecture, with 631
layers in its initial training structure, showing 195.5 GFLOPs before fusion; after fusion,
the model is optimized to 190 layers and 194.5 GFLOPs. These metrics indicate that,
although YOLOI1 1x starts with a more complex structure, the implemented optimizations
significantly reduce the computational complexity, as reflected by the lower number of
GFLOPs compared to YOLOvV8x.

The Faster R-CNN model is part of the family R-CNN which differ when de-
fining Regions Proposal Network, initially for object detection in Convolutional Neu-
ral Networks(CNN) [Li et al. 2022]. Such as YOLO models, the R-CNN family also
performs classification, object detection and segmentation. The Faster R-CNN training
was enhanced with ResNet-50 [He et al. 2016] and Feature Pyramid Network (FPN)
[Lin et al. 2017] within the Detectron2 framework. ResNet-50 is a deep convolutional
neural network with 50 trainable layers, designed to mitigate the vanishing gradient pro-
blem through residual shortcuts (skip connections), allowing for more efficient training of
deep networks. The FPN improves object detection across different scales by combining
information from multiple levels of the convolutional network, ensuring higher accuracy
in detecting both small and large objects.

The same image dataset split defined for training, validation, and testing in YOLO
was applied to this training, with 8 images per batch and 2 workers to optimize data
loading. The initial learning rate was set to 0.0001, with no decay throughout the training
process. The total number of iterations was 10,000, with checkpoints saved every 250
iterations. The batch size for the ROI head was set to 128. Training was also conducted
on an NVIDIA Tesla T4 and included automatic periodic evaluation every 250 iterations.

2.4. Metrics

To evaluate the performance of object detection models, we adopted a set of well-
established metrics in computer vision, encompassing precision, recall, mean average
precision (mAP), and confusion matrix.

The precision indicates the fraction of detections that are correctly classified re-
lative to the total number of positive predictions, illustrating how many false positives
occur. The recall represents the fraction of objects that were effectively detected out of all
objects actually present in the images, reflecting the number of false negatives committed.
In addition to reporting overall precision and recall values, the models also provide mAP
at different Intersection over Union (IoU) [Girshick et al. 2014] thresholds. The mAP
computed at [oU = 0.5 (mAP50) assesses the model’s ability to correctly detect an object
with at least 50% overlap between the predicted and ground-truth bounding boxes, while
the mAP calculated over an IoU range from 0.5 to 0.95 (mAP50-95) investigates the mo-
del’s robustness under increasingly stringent overlap requirements. The confusion matrix
lists, for each ground-truth class (columns), which predicted class (rows) was assigned by
the model, thus making it clear when recurring misclassifications occur between specific
categories. The multiple threshold approach gives a more complete picture of the model’s
performance by requiring different levels of location accuracy. In addition, making the
results available both in aggregate form and by class reveals possible specific weaknesses,
guiding future improvements to the model.



3. Results

We first compare the values of these metrics to provide an overview of the effectiveness
of each model, and finally, we analyze the confusion matrices of the models on the test
set, allowing a understanding of the classification errors and prediction patterns observed.

Table 2 shows that, on average (row “All”’), YOLOv8x achieves a precision and
a recall of 96.81%, with an mAP50-95 of 68.1%. YOLOI1x exhibits slightly higher
precision and recall at 97.45% and 97.84%, respectively, and a mAP50-95 of 68.8%. In
contrast, Faster R-CNN, while maintaining a precision of 96.33%, records a lower recall
of 94.22% and a significantly lower mAP50-95 of 60.20% compared to both versions of
YOLO.

Tabela 2. Comparison of YOLOv8x, YOLO11x and Faster R-CNN

YOLOVvS8x YOLO11x Faster R-CNN

Class | Precision Recall mAP50-95 | Precision Recall mAP50-95 | Precision Recall mAP50-95
All 96.81% 96.81% 68.1% 97.45% 97.84% 68.8% 96.33% 94.22% 60.20%
Green 97.10% 98.05% 56.3% 98.02% 96.59% 56.0% 96.59% 99.50% 53.1%
Blue 98.69% 89.35% 58.7% 96.45% 96.45% 60.3% 91.12% 96.86% 51.8%
Purple 95.00% 98.80% 63.0% 98.42% 99.60% 65.6% 98.80% 92.51% 57.2%
Red 95.28% 90.99% 55.2% 94.44% 91.89% 57.5% 92.79% 92.79% 49.0%
Orange 96.67% 98.31% 66.4% 95.00% 96.61% 63.1% 93.22% 79.71% 46.4%
Pink 95.38% 98.41% 56.9% 96.88% 98.41% 59.6% 96.03% 95.28% 49.2%
Did not feel (pink) 97.47% 99.48% 55.5% 97.98% 100.0% 57.7% 98.45% 98.96% 54.8%
Right Hand 100.0% 100.0% 83.5% 100.0% 100.0% 84.3% 97.73% 95.56% 71.2%
Left Hand 100.0% 100.0% 84.4% 97.78% 100.0% 84.3% 100.0% 93.62% 79.0%
Righ Foot 100.0% 100.0% 84.5% 100.0% 100.0% 82.9% 100.0% 75.76% 73.4%
Left Foot 100.0% 100.0% 84.1% 100.0% 100.0% 85.7% 100.0% 83.33% 77.0%

For the color classes, both versions of YOLO models maintain precision and recall
above 90%. For instance, for the Green class, YOLOv8x achieves 97.10% of precision
and 98.05% of recall, while YOLO1 1x reaches 98.02% of precision and 96.59% of recall.

Across the color classes, the YOLO models exhibit mAP50-95 values in a range
from 55% to 66%. In comparison, Faster R-CNN, although achieving recall such as
99.50% in Green, shows a wider variability in mAP50-95 (ranging from 46.4% to 57.2%).

In the limb categories, all models achieve near-perfect recall, approaching 100%.
However, while YOLOvV8x and YOLO11x obtain mAP50-95 scores above 80% (appro-
ximately 83.5%—-84.5%), Faster R-CNN exhibits lower performance, with mAP50-95
values ranging from 71.2% to 77.0%, representing a decrease of approximately 5—-10 per-
centage points.

Figure 4 displays the precision per each of the 11 classes, highlighting the best
and worst performances across all models. For Faster R-CNN, the highest precision is
found in the limb categories, with Left Hand, Right Foot, and Left Foot achieving 100%,
while the lowest precisions occur in the Blue (91.12%) and Red (92.79%) classes. In
YOLOI11x, among the color classes, the highest precision is seen in Purple (98.42%) and
Green (98.02%), with Red showing the lowest value (94.44%). Meanwhile, YOLOv8x
achieves its highest precision in Blue (98.69%) and its lowest in Purple (95.00%).

Figure 5 presents the confusion matrices, with rows representing the predicted
classes and columns representing the actual classes. For both YOLOv8x and YOLO11x,
a strong concentration of values is observed along the diagonal, reflecting accurate predic-
tions, though minor off-diagonal errors appear in some color classes (e.g., Green, Blue,
and Purple).
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In contrast, Faster R-CNN exhibits a less concentrated diagonal, particularly in
classes such as Blue, Red, and Orange. For example, Faster R-CNN achieves a precision
of 91.12% for Blue, 92.79% for Red, and 93.22% for Orange, with corresponding recall
values of 96.86%, 92.79%, and 79.71%.



4. Discussion

The models achieved performance metrics such as precision, recall, and mAP on the test
set. YOLOI11x stood out by achieving the highest mAP and a good balance between
precision and recall, followed closely by YOLOv8x, whereas Faster R-CNN obtained
lower values principally in mAP50-95, harsher scenario.

It was also observed that larger objects (such as the depictions of feet and hands
on the form) were detected more easily by the models, whereas smaller or subtler ele-
ments had lower accuracy. This is consistent with findings in computer vision, which
highlight a greater difficulty in detecting small objects due to limited visual information
[Mirzaei et al. 2023].

The study involved images from two versions of the ANS form, which differed in
layout and printing resolution. These discrepancies affected performance evidencing the
challenges arising from heterogeneous input data. And it is known that image resolution
directly impacts the accuracy of object detection [Hao et al. 2023]; thus, variations in the
size and clarity of form elements (between the older and the newer versions) require the
model to generalize beyond a specific training pattern.

The models were trained without hyperparameters tuning methods and speci-
fic fine-tuning for the ANS form. The deep learning literature indicates that hyper-
parameter optimization can significantly influence the performance of neural models
[llemobayo et al. 2024]. Without such tuning, the results may not reflect the maximum
potential of the tested architectures, especially the Faster R-CNN, which aims to be more
robust than the single shot models. In other words, additional improvements in accuracy
and generalization could be achieved by adjusting parameters such as learning rate, batch
size, or regularization strategies, as evidenced in studies on model optimization.

5. Conclusions and Future Works

Our main goal with the digitization of the ANS forms was to enhance neurological mo-
nitoring of leprosy patients by providing structured data for detailed analyses for deci-
sion making process. In line with the WHO’s global ‘“Zero Leprosy” strategy for 2030
[Sasakawa 2024], digital health technologies have demonstrated practical efficacy in mo-
nitoring patients with leprosy [Dahoklory et al. 2023].

This study represents an initial step toward the digitization and automation of
neurological analysis in leprosy, enabling more efficient monitoring. In future work, the
extracted data can be used to train predictive models of disease progression, OCR tech-
niques should be integrated to supplement textual information extraction, and the system
could be validated across different centers to ensure its robustness and applicability.
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