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Abstract— Thermal facial region segmentation is critical for
applications such as physiological monitoring, stress detec-
tion, and human-computer interaction. Despite its importance,
progress in this domain has been hindered by challenges such
as occlusions, the lack of thermal annotated datasets and
the absence of tailored, high-performing models on thermal
images. In this paper, we address these challenges through
four key contributions. First, we introduce the TFR dataset,
a novel thermal face dataset that includes 5050 annotated
thermal images extracted from 166 video sequences using 163
different subjects, which is, to our knowledge, the largest
thermal dataset with comprehensive annotated regions in terms
of the number of subjects, captured under diverse conditions,
including variations in lighting, occlusions, and demographics,
ensuring robustness and adaptability. Second, we propose
PyraSegNet, an advanced deep learning architecture combining
a customized encoder-decoder structure with a Feature Pyramid
Network (FPN) to enhance multi-scale feature learning. Third,
we compare PyraSegNet to other state-of-the-art methods.
Finally, we perform an in-depth comparative analysis of loss
functions, including Dice Loss, Tversky Loss, and Jaccard
Loss, providing actionable guidance on optimizing thermal
facial segmentation performance. Our findings underscore the
significance of the TFR dataset, the effectiveness of PyraSegNet,
and provide insights into optimal loss function selection for
thermal facial region segmentation. This research paves the way
for enhanced accuracy and reliability in applications leveraging
thermal facial analysis.

I. INTRODUCTION

Facial analysis and recognition have become crucial tools
in various fields, including healthcare, security, and human-
computer interaction [1], [2]. Facial features, as a medium
of non-verbal communication, offer significant insights into
identity, emotional states, and physiological conditions [9].
While traditional approaches to facial analysis rely heavily
on RGB imagery, thermal imaging has recently emerged as a
compelling alternative due to its ability to capture physiolog-
ical information, such as heat distribution, under low-light or
visually challenging conditions [5]. These advantages have
made thermal imaging particularly relevant for applications
such as stress detection, vital sign monitoring, and surveil-
lance in low-visibility environments [7], [32]. Furthermore,
thermal imaging provides the added benefit of being less
intrusive, making it ideal for continuous monitoring in both
clinical and non-clinical settings.

Despite its promise, the development of robust thermal
facial analysis models is hindered by several challenges.
A primary limitation is the scarcity of large, annotated
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datasets specifically designed for thermal images [3]. In
contrast to RGB datasets, which are abundant and well-
documented, thermal datasets remain limited in both size
and diversity, constraining the development of machine learn-
ing models tailored to thermal data. Additionally, although
thermal images present an important alternative to RGB
images, especially in the conditions previously mentioned,
the unique properties of thermal images, such as low contrast,
indistinct boundaries, and increased noise, present significant
hurdles for precise facial region segmentation and landmark
detection [35]. These challenges underscore the need for
more advanced and targeted approaches in thermal image
processing.

Advances in deep learning have shown potential in ad-
dressing some of these challenges. Semantic segmentation
models like U-Net and DeepLabV3+ have been adapted for
thermal imaging with varying success [18], [14]. However,
achieving optimal performance often requires customized ar-
chitectural and algorithmic approaches. For instance, feature
extraction mechanisms must account for the reduced visual
contrast in thermal data, and loss functions must effectively
address the uneven representation of facial regions, such as
the smaller pixel density of areas, such as the eyes compared
to the cheeks. This highlights the need for specialized models
that can better exploit the unique characteristics of thermal
images [16], [23].

In this work, we introduce PyraSegNet, a novel deep
learning architecture explicitly designed for thermal facial
region segmentation. PyraSegNet leverages the capabilities
of InceptionV4 as a feature extractor and incorporates a
custom encoder-decoder structure to enable accurate seg-
mentation of key facial regions, including the full face,
eyes, forehead, cheeks, and nose. By employing a hybrid
architecture and integrating different loss functions, such as
DiceLoss and TverskyLoss, PyraSegNet achieves state-of-
the-art segmentation accuracy for thermal facial regions.

This paper makes the following contributions:

o TFR Dataset: Introduction of the TFR dataset, a robust
annotated thermal facial dataset of the whole face,
forehead, eyes, cheeks, and nose, designed to advance
thermal facial region segmentation research.

e Model Innovation: Development of the PyraSegNet ar-
chitecture, incorporating multi-scale feature extraction
to address the unique challenges of thermal imaging.

o Loss Function Comparison: Comparison of several loss
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functions, including Dice Loss, Tversky Loss, and Jac-
card Loss, to evaluate their effectiveness in addressing
challenges, such as uneven region distribution and low
contrast in thermal image segmentation.

o Comprehensive Evaluation: Detailed experiments com-
paring PyraSegNet with state-of-the-art methods, in-
cluding DeepLabV3+, FPN, U-Net, U-Net++, PAN,
MAnet, PSPNet, and LinkNet showcasing its perfor-
mance in segmentation accuracy, robustness, and gen-
eralizability across diverse thermal image conditions.

By addressing the gaps in current thermal facial segmen-
tation methodologies, this work provides a foundation for
advancing applications in physiological monitoring, stress
detection, and beyond. Moreover, the insights gained from
this research could have significant implications for im-
proving human-computer interaction in environments where
traditional visual analysis is limited or impractical.

II. RELATED WORK

Various studies have explored the challenge of detecting
regions of interest (ROIs) in thermal images, which is crucial
for applications such as physiological monitoring and stress
detection [6], [25], as well as extracting physiological signals
related to enervation from facial thermal data [29]. This
section reviews the datasets and methods employed for ROI
segmentation in thermal imaging, highlighting methods that
address these challenges and improve detection accuracy.

A. Thermal Datasets

The lack of large-scale annotated datasets for thermal
facial analysis has been a barrier to the advancement of this
research. To overcome this, several key datasets have been
developed recently. For instance, a custom dataset created
using the FLIR SC655 thermal camera, which captured
thermal images of 23 subjects for medical thermography [8].
Additionally, efforts in facial skin temperature distribution
for the estimation of psychophysiological state have been
aided by a thermal face-tracking dataset designed for seg-
mentation and tracking techniques [11].

Further developments include a dataset aimed at non-
invasive forehead segmentation in thermal imaging systems,
featuring more than 18,000 images with variations such as
glasses and beards [30]. Multiclass face analysis in thermal
infrared images has been supported by another dataset,
captured with a FLIR AXS5 bolometer camera [24]. The ef-
fectiveness of thermal image semantic segmentation has also
been demonstrated using datasets such as Segment Objects
in Day and Night (SODA), MFNet, and SCUT-Seg [20],
[10], [36], which focus on general scene segmentation tasks
rather than facial region analysis. These datasets contribute
to thermal segmentation techniques [26].

Efforts in facial image segmentation also benefit from
the Thermal Face Database, which, while lacking region
annotations, includes manually annotated landmarks across
2,935 images. These annotations have been used to train
novel frameworks such as the Self-Adversarial Multi-scale
Contrastive Learning (SAM-CL) [14]. In addition, advances

in facial region segmentation associated with breathing have
been made using thermal images captured from various an-
gles [19]. To predict thermal comfort by extracting skin tem-
perature from facial components, the Thermal Face Database
and Charlotte-Thermal Face Dataset were used [13].

In stress detection, datasets capturing temperature vari-
ations across facial regions (nose, cheeks, forehead) have
been particularly useful [12]. The ApeTI dataset, which seg-
ments ape faces to retrieve physiological signals, introduces
additional insights into the broader application of thermal
imaging [22]. Other notable data sets include DeepBreath,
which captures breathing patterns for stress detection [6],
and UBComfort, which collects physiological metrics in
semi-ecological car environments [25]. One of the largest
datasets, ARL-VTF, contains 500,000 images of 395 subjects
annotated with facial landmarks [27], while TFW (Thermal
Faces in the Wild) offers 16,509 labeled faces in varied
environments [17]. The SpeakingFaces dataset provides more
than 2,500 thermal images from 142 participants with facial
landmark annotations [18], and the D5050 dataset adds
another valuable resource with 5,050 annotated images from
163 subjects [28]. These datasets are annotated with facial
landmarks but lack region segmentation annotations, a prob-
lem we are addressing in this paper.

B. Semantic Segmentation methods

Adapting semantic segmentation techniques from RGB to
thermal images presents challenges due to low contrast and
unclear boundaries. Despite these obstacles, deep learning
models such as U-Net and DeepLabV3+ have been success-
fully adapted for thermal image segmentation. These models
rely on encoder-decoder architectures that help retain spatial
details and improve pixel-level accuracy in thermal data [14],
[16].

To enhance segmentation performance, recent approaches
have incorporated novel architectural modifications tailored
to thermal images. For example, FTNet introduces multiscale
feature extraction and edge-guidance mechanisms to focus on
object boundaries, which are often less defined in thermal
images. This attention to boundaries enhances the precision
of segmentation in thermal datasets [26]. Additionally, the
Self-Adversarial Multiscale Contrastive Learning Framework
(SAM-CL) applies contrastive learning and domain-specific
augmentation to address the unique characteristics of thermal
images, improving segmentation in facial regions, particu-
larly for physiological monitoring tasks [14].

Multiclass segmentation techniques have also been
adapted for thermal images, where each pixel is assigned a
label corresponding to a specific facial region. This approach
has been effective in medical and physiological analysis,
enabling more accurate segmentation of areas such as the
nose, forehead, and cheeks. Such segmentation is crucial for
applications, such as stress detection and health monitoring
[24]. Non-contact breathing monitoring has also benefited
from these techniques, as precise segmentation of the nose
region allows for more stable extraction of breathing signals
from different angles [19].
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Semantic segmentation has also been applied in practical
domains like thermal comfort prediction. By segmenting
facial regions and extracting skin temperature, researchers
can gain insights into indoor comfort levels [13]. However,
the lack of large, annotated thermal datasets remains a
limitation, constraining further progress in improving the
accuracy and generalizability of these methods [28].

ITIT. DATASET

This section outlines the key aspects of the Thermal Facial
Regions (TFR) dataset, which was created for the purpose of
facial region segmentation. We describe the dataset’s acqui-
sition, its structure, and the annotation process, emphasizing
its importance for region-specific facial analysis.

A. Data Acquisition

The thermal images in this dataset were captured using a
FLIR SC6700 camera, known for its ability to record high-
resolution thermal images at a resolution of 640x512 pixels
and a sensitivity of 7.2 million electrons. The camera was
set up to capture dynamic facial expressions and movements
at a frame rate of 100 frames per second.

The dataset consists of 166 video sequences, which involve
163 unique individuals. From these sequences, we selected
5050 thermal images for annotation. These images cover a
wide array of scenarios, including variations in time of day
and the presence of occlusions. Notably, 130 of these images
feature subjects wearing glasses, with five individuals con-
tributing to this subset. The core of the dataset includes 157
subjects, each providing 30 annotated images. In addition,
we gathered 160 images from the same set of subjects at
different times, with two subjects contributing 30 images in
the morning and another 30 in the evening, while a third
subject provided 10 images in the evening of the next day. To
account for occlusions, three subjects contributed 60 images
each, half of which were taken without occlusions and the
other half with occlusions, such as glasses. The dataset is
gender-balanced, with 43% of the subjects (70 individuals)
being female, ensuring diversity.

B. Data Annotation

Five facial regions were annotated within the dataset: the
whole face, the forehead, the eyes, the cheeks, and the nose.
The annotations were made using the Supervisely Unified
OS/Platform for computer vision tasks [33]. Initially, an ex-
perienced annotator carried out and verified the annotations,
which were then reviewed and adjusted by another annotator
to ensure consistency and accuracy. Each facial region is
represented as a polygon, providing precise delineation for
region-based analysis tasks. The iterative nature of the anno-
tation process, including several rounds of review, ensured
the creation of a high-quality ground truth for facial region
segmentation.

Moreover, the dataset includes detailed facial landmark
annotations, based on the SF-TL54 annotation [18], which
incorporates 54 key facial points, such as the chin, eyebrows,
nose bridge, nose tip, eyes, and lips. To ensure accuracy,

the initial landmark annotations were generated using a face
detection and facial landmark prediction model from the dlib
library, followed by manual correction and refinement by two
annotators. This multi-step annotation process improved the
reliability of the landmarks. When evaluating inter-annotator
agreement for our dataset, we obtained a Concordance Cor-
relation Coefficient (CCC) of 0.921, a Pearson’s Correlation
Coefficient (CC) of 0.967, and a normalized Root Mean
Square Error (nRMSE) of 0.022.

In conclusion, TFR is a comprehensive resource for ad-
vancing thermal imaging research, particularly for automatic
facial region segmentation. It features high-resolution ther-
mal images, a diverse subject pool, and annotations for key
facial regions. These characteristics make it a significant
contribution to the fields of computer vision and thermal
analysis.

IV. METHODOLOGY

In this section, we describe the key components of our
methodology, focusing on the architecture of the deep learn-
ing model used for the thermal segmentation of the facial
region and the choice of loss functions.

A. PyraSegNet Architecture for Thermal Facial Region Seg-
mentation

Image Landmarks

o

A . Scaling
| 256x256

concatenate

Encoder

Scaling
299x299

L

Pyramid

256

64 128 128
2xup|

A

1x1 conv,

( 768

1x1 conv Face

2xup[ "

Feature Extractor
A

1024

L Forehead
1x1 conv

Eyes

1536

I_L)

- Cheek:
Fusion e

512 256 128 64 64 32

Nose

Decoder

Fig. 1: Overview of PyraSegNet architecture

The architecture of our model is illustrated in Fig. 1. In
this work, we used a single deep learning model for thermal
facial region segmentation, building on a hybrid architecture
that combines the efficiency of InceptionV4 with a custom
encoder-decoder structure. InceptionV4 was chosen for its
feature extraction capabilities, particularly in handling multi-
scale features and providing detailed spatial information.
Two types of input configurations were used in this work.
The first configuration involved using only the thermal facial
images as input to the model, providing a baseline for
segmentation performance. Thermal images were chosen for
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their ability to capture temperature variations across the face,
where each pixel represents the heat emitted from the surface,
i.e., the absolute temperature value assigned to each pixel.
This temperature data is useful for potential applications
that rely on precise thermal measurements, however first,
the challenge lies in accurately segmenting the facial regions
to extract meaningful temperature information. The second
configuration augmented the thermal facial images with our
annotated facial landmarks, represented as an additional
input channel. This additional information was expected
to enhance the model’s ability to localize and segment
facial regions that require finer spatial precision, such as
the eyes and nose. By comparing these configurations, we
evaluated the impact of incorporating landmark information
on segmentation accuracy and robustness. The input images
are resized and passed through a 1x1 convolution to align
with the InceptionV4 input shape, as seen in Fig. 1.

The encoder utilizes a series of convolutional layers with
3x3 kernels and varying strides to progressively downsample
the input while capturing features at multiple scales. The
varying strides play a crucial role in multi-scale feature
extraction by enabling the model to process fine-grained
details and broader contextual information simultaneously.
For segmentation tasks, this capability is vital as it ensures
the network can distinguish subtle differences in facial
regions, such as the edges of the nose or the contours of
the eyes, while still retaining global structural context. This
approach improves the network’s ability to produce accurate
and coherent segmentation maps, particularly for complex
or overlapping regions. LeakyReLU and ReLU activation
functions are used to introduce non-linearity, ensuring robust
feature extraction. Specifically, the encoder includes layers
with increasing kernel numbers, as detailed in Table I.
The architecture starts with 64 filters and progresses to
512 filters, balancing computational efficiency with feature
richness. Dropout is excluded from this stage to maximize
feature retention and ensure that the extracted features remain
comprehensive.

To enhance multi-scale feature fusion, Feature Pyramid
Networks (FPN) [21] are incorporated after the encoder. The
FPN structure aggregates features from different encoder
stages, enabling finer localization and semantic segmenta-
tion. The pyramid levels (P3, P4, P5) include convolutional
layers and upsampling operations, merging features from
high-resolution and low-resolution layers. The fusion layer
integrates the outputs of the encoder and FPN by com-
bining multi-scale features obtained from both components.
Specifically, it employs a series of concatenation and 1x1
convolutional layers to merge the high-resolution and low-
resolution features, ensuring seamless integration of detailed
spatial information with broader contextual patterns. The
fusion process ensures that the decoder receives a balanced
combination of semantic and spatial features, crucial for
segmenting intricate facial regions like the eyes and nose.
This step ensures that features extracted at different scales
are effectively combined to capture both global and local
patterns. The decoder block then processes these features

TABLE I: Overview of the PyraSegNet model architecture,
detailing layer specifications including kernel sizes, strides,
activation functions, and dropout rates.

Layer Kernels Stride Activation Dropout
encoder 64 x (3 x 3) 2x2 LeakyReLU | -
encoder 128 x (3 x 3) 1 x1 LeakyReLU
encoder 128 x 3 x3) | 2x2 Relu

encoder 256 x 3 x3) | 2x2 Relu

encoder 256 x 3 x3) | I x1 Relu

encoder 512 x 3x3) | 2x2 Relu

encoder 256 x 3 x3) | 2x2 Relu

pS 256 x (1 x 1) | - Relu

p4 - UpSampling2D | -

p3 - UpSampling2D | -

p3 256 x (1 x 1) | - Relu

p4 256 x (1 x 1) | - Relu

p5 256 x (1 x 1) | - Relu

fusion - - - -
decoder S512x 3x3) | 2x2 Relu 25%
fusion - - - -
decoder 256 x 3 x3) | 2x2 Relu 25%
fusion - - - -
decoder 128 x 3 x3) | 2x2 Relu 25%
decoder 64 x (3 x 3) 2x2 Relu 25%
decoder 64 x (3 x 3) 1 x1 Relu -
decoder 32 x (3 x3) 2x2 Relu

output_layer | 5 x (1 x 1) - Sigmoid

through convolutional transpose layers, progressively up-
sampling to reconstruct the spatial resolution of the input
image. Dropout layers with a rate of 25% are applied in
the decoder to prevent overfitting, particularly in the higher-
capacity layers.

The final output layer applies a 1x1 convolution followed
by a sigmoid activation function to produce segmentation
maps for five distinct facial regions: the whole face, forehead,
eyes, cheeks, and nose. This structure allows the network to
simultaneously handle multi-label segmentation tasks.

B. Loss Function

To optimize the model for accurate segmentation of the
thermal facial region, we performed an evaluation of various
loss functions. After thorough experimentation, we identified
three loss functions that outperformed others in a preliminary
comparison of segmenting specific facial regions such as the
face, forehead, eyes, cheeks, and nose.

Dice Loss proved particularly effective for larger regions
like the face and forehead, where maximizing overlap be-
tween predicted and ground truth regions is crucial. Its ability
to measure overlap efficiently made it an ideal choice for
these areas [4]. The Dice Loss is calculated as:

. 2 Ez Yilli
Zi Yi + Ez i

where y; is the ground truth label for pixel ¢, ; is the
predicted probability for pixel ¢, and the summation is over
all pixels.

Jaccard Loss demonstrated better performance in handling
regions with complex boundaries, notably the eyes and nose.
By evaluating the intersection over the union of predicted
and true regions, it helped to achieve clearer distinctions in
challenging areas [34]. The Jaccard Loss is given by:

Lpice =1 (D
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Tversky Loss was invaluable for addressing the pixel-wise
region imbalance by allowing fine-tuned weighting between
false positives and false negatives. This was especially bene-
ficial for smaller, underrepresented regions, such as the eyes
and nose, which contain fewer pixels compared to larger
regions such as the whole face. This ensured that the model

properly attended to these areas despite their smaller size
[31]. The Tversky Loss is defined as:

2

LJaccard =1-

_ Zz’ YiJi
Dyl +ady ui(l—g:)+ 8> ,(1— yi)(%z’)

where o = 0.5 and 8 = 0.5 in the multilabel setting. Here,
a and [ control the relative importance of false positives and
false negatives, respectively.

In addition to the aforementioned loss functions, we ex-
plored the suitability of other metrics [15] , including RMI
Loss, Focal Loss, and Lovasz Loss, but found them to be less
effective for our specific thermal facial region segmentation
task. In particular, the Focal Loss did not outperform the
Tversky Loss in our scenario, especially for smaller facial
regions.

LTversky =1

V. EXPERIMENTAL RESULTS
A. Experimental Setup and Evaluation

1) Implementation Details: Our experimental framework
for facial region segmentation utilizes a well-structured
pipeline. The dataset, consisting of images with a resolution
of 640x512 pixels, was pre-processed to extract face bound-
ing boxes. These boxes were then cropped and resized to en-
sure consistent input dimensions for the model. The data was
split into 3850 training images, 600 validation images, and
600 test images, spread across 126 subjects for training, 20
for validation, and 17 for testing. To improve generalization,
data augmentation was applied exclusively to the training set.
The augmentations included Gaussian Blur (with a kernel
size of 5) to simulate varying lighting conditions, Vertical
Flip (VFlip) to account for pose variability, and Horizontal
Flip (HFlip) through landmark mirroring to enhance the
model’s robustness to changes in facial orientation.

The models were trained on a NVIDIA RTX 6000 Ada
Generation GPU. The training process employed the Adam
optimizer with a learning rate of 0.0001. A ReduceLROn-
Plateau learning rate scheduler was used with a factor of 0.5
and a patience of 5 epochs, reducing the learning rate when
the validation loss plateaus. Early stopping was applied with
a patience of 10 epochs to prevent overfitting, ensuring that
the model would halt training once the model performance
stops improving.

2) Evaluation Metrics: To evaluate the performance of
our facial region segmentation model, we focus on several
key metrics. Mean Intersection over Union (mloU) is used
to measure the overlap between the predicted regions and

the ground truth, providing an indication of the model’s
segmentation accuracy. The F1 score (Dice coefficient) is
also employed to balance Precision and Recall, giving an
overall assessment of segmentation quality. Precision reflects
how accurately the model detects facial regions without
misclassifying background pixels, while Recall measures the
model’s ability to capture all relevant facial regions, ensuring
no important features are overlooked. Together, these metrics
offer a comprehensive view of the model’s performance in
terms of both accuracy and completeness.

B. Performance Comparison

In this section, we compare the performance of our
proposed model, PyraSegNet, against several state-of-the-
art models for facial region segmentation. In addition, we
compare different variants of our model architecture.

1) Comparison with SOTA Methods: We compared the
performance of PyraSegNet, which uses InceptionV4 as the
feature extractor, against several state-of-the-art models for
thermal facial region segmentation, including DeepLabV3+,
FPN, U-Net, U-Net++, PAN, MAnet, PSPNet and LinkNet.
The results presented in Table II show that PyraSegNet
outperforms other methods consistently across most key eval-
uation metrics for results obtained without using landmarks
as input.

PyraSegNet achieved a mloU of 92.87% and an F1 score
of 96.30%, demonstrating its ability to accurately segment
facial regions with minimal overlap errors between predicted
and ground truth masks. Additionally, it achieved a Precision
of 95.59%, indicating its effectiveness at reducing false
positives. The Recall of 97.04% suggests that PyraSegNet
is effective at detecting nearly all relevant facial regions,
ensuring comprehensive segmentation.

Other models, such as DeepLabV3+ and U-Net, showed
lower performance on these metrics. DeepLabV3+ achieved
a mloU of 80.16% and an F1 score of 88.87%, while U-Net
had a mloU of 74.72% and an F1 score of 85.47%. While
U-Net++ demonstrated a high Recall of 98.86%, its low
Precision of 47.34% indicates it is not capable of balancing
between capturing all regions and minimizing false positives.
The comparison highlights PyraSegNet’s balanced perfor-
mance, achieving both high Precision and Recall, making
it an effective model for thermal facial region segmentation.

The relatively lower performance of other models, es-
pecially in terms of Precision and mloU, suggests that
PyraSegNet’s architecture, specifically its use of the In-
ceptionV4 feature extractor, allows it to better handle the
complexities of thermal imagery. The InceptionV4 network
potentially aids in capturing multi-scale features, which is
important for accurately detecting the facial regions, even
under challenging conditions like low contrast and noise in
thermal images.

2) Impact of Landmark Masks: We assessed the effect
of incorporating landmark masks alongside thermal images
as input. The results, shown in Table III, demonstrate the
improvement in performance with the inclusion of landmark
masks for all methods. For PyraSegNet, adding landmark
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TABLE II: Performance Comparison of PyraSegNet and
Other Models with DiceLoss

Model mloU(%) | F1 Precision | Recall
PyraSegNet 92.87 96.30 | 95.59 97.04
DeepLabV3+ | 80.16 88.87 | 85.99 92.10
FPN 76.68 86.73 | 87.09 86.48
U-Net 74.72 85.47 | 76.28 97.29
MAnet 74.15 85.08 | 81.45 89.11
PAN 71.54 83.32 | 87.88 79.36
LinkNet 68.10 80.96 | 70.39 95.29
PSPNet 53.44 69.64 | 79.80 61.84
U-Net++ 47.09 63.98 | 47.34 98.86

masks improved the mloU from 92.87% to 93.14% and
the F1 score from 96.30% to 96.45%, suggesting that the
additional landmarks provide more precise localization of
facial regions. Precision increased from 95.59% to 96.30%,
while Recall decreased slightly from 97.04% to 96.60%,
though this slight reduction in Recall does not undermine
the overall improvement in segmentation quality.

Other models, such as DeepLabV3+ and U-Net, also
present significant performance improvements with the addi-
tion of landmark masks. DeepLabV3+ achieved an increase
in mIoU from 80.16% to 89.92%, and its F1 score improved
from 88.87% to 94.69%. U-Net also benefited, with its
mloU improving from 74.72% to 88.08%, and its F1 score
rising from 85.47% to 93.66%. These improvements sug-
gest that landmark masks assist in localizing facial features
more effectively, helping the models to better capture the
facial regions. These models depend on texture and intensity
variations, whereas thermal images represent temperature,
making it more difficult to differentiate regions without
additional structural guidance from landmarks. In summary,
adding landmark masks enhances segmentation performance
by providing additional spatial and structural context and
helping the model more accurately localize and segment
facial regions, which appear less distinct due to thermal noise
or low contrast. While the inclusion of landmarks generally
results in better segmentation, the extent of the improvement
varies depending on the model’s ability to leverage this
additional information.

Fig. 2 shows the segmented regions predicted by PyraSeg-
Net for a typical thermal face image. Subfigure (a) shows the
input image, (b) shows the ground-truth segmentation, and
(c) shows the predicted regions, which align closely with the
ground-truth.

In the following figure, Fig. 3, we show a case where
occlusions, specifically glasses, are present on the face. The
image in this case contains the predicted eyes and nose
segmented regions overlaid on the input image. Despite the
presence of glasses, which partially obscure the eyes and
nose, the model continues to segment the facial regions
with high accuracy. The overlay of the predicted regions
demonstrates the model’s resilience to the occlusions caused
by glasses, maintaining an effective segmentation of the face.
It should be noted that in the training set there were images
with glasses annotated for the eyes region to aid the model
in detecting those instances.

(b) The ground truth (c) The predicted regions

Fig. 2: Comparison of the input face image, the ground truth
segmentation regions, and the predicted segmentations.

Fig. 3: Predicted Regions in Presence of Occlusions

The results in Table IV demonstrate that while PyraSegNet
achieves slightly better performance compared to other mod-
els, several architectures, such as DeepLabV3+ and FPN per-
form remarkably well on grayscale images, achieving mloU
scores of 92.76% and 92.71%, respectively, with F1-scores
close to PyraSegNet’s performance. This indicates that these
models, originally designed for RGB inputs, can effectively
generalize to grayscale images. However, when comparing
these results to those in Tables II and III, it is evident that
these models struggled on raw thermal images, with mloU
scores dropping significantly—for instance, DeepLabV3+
achieved only 80.16%, and FPN scored 76.68%. This demon-
strates that PyraSegNet consistently outperforms other meth-
ods for thermal images and is slightly better when it comes
to grayscale images. The hybrid encoder-decoder structure,
along with its tailored feature extraction approach, enables
PyraSegNet to better capture the distinct characteristics of
thermal images, such as lower contrast and higher noise,
while still performing well on grayscale images. Further-
more, the table confirms the previous finding that using
landmarks as input consistently improves results across all
models.
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TABLE III: Performance Comparison of PyraSegNet and
Other Models with DiceLoss (Including Landmarks as Input)

Model mloU(%) | F1 Precision | Recall
PyraSegNet 93.14 96.45 | 96.30 96.60
DeepLabV3+ | 89.92 94.69 | 94.89 94.52
FPN 89.51 94.46 | 93.41 95.56
U-Net 88.08 93.66 | 94.31 93.05
MAnet 84.60 91.65 | 88.38 95.20
PAN 80.57 89.23 | 91.01 87.56
LinkNet 79.86 88.79 | 90.69 87.02
PSPNet 55.31 71.20 | 63.96 80.38
U-Net++ 52.10 68.49 | 74.53 63.40

TABLE 1IV: Performance Comparison of PyraSegNet and
Other Models with DiceL.oss on Gray scale Images

Model Including Landmarks | Excluding Landmarks
mloU (%) | FI mloU (%) | FI
PyraSegNet 92.89 96.31 92.73 96.22
DeepLabV3+ | 92.76 96.24 92.47 96.08
FPN 92.71 96.22 92.15 95.91
U-Net 92.64 96.18 91.61 95.59
MAnet 92.26 95.97 91.58 95.57
PAN 92.70 96.21 92.43 96.06
LinkNet 92.39 96.04 91.83 95.71
PSPNet 91.78 95.70 90.65 95.05
U-Net++ 92.69 96.20 92.07 95.85

3) Loss Function Comparison: This section evaluates
the impact of loss functions on segmentation performance,
focusing on DiceLoss, TverskyLoss, and JaccardLoss. The
results, depicted in Figure 4, report the mean Jaccard index
as a percentage to emphasize differences between the loss
functions.

As shown in Fig.4a, where thermal images without land-
marks were used as input, DiceLoss achieved the highest
performance with PyraSegNet, reaching a mean Jaccard
index of 92.87%. TverskyLoss followed closely at 92.36%,
while JaccardLoss had a slightly lower value of 90.62%.
These results indicate that both DiceLoss and TverskyLoss
are highly effective for thermal image segmentation, poten-
tially due to their ability to handle segmented region size
imbalances in foreground and background regions, which is
a common characteristic of thermal images.

In Fig.4b, where facial landmarks were integrated with
thermal images, performance improved across most loss
functions. PyraSegNet with JaccardLoss achieved the highest
mean Jaccard index of 93.30%, followed closely by DiceLoss
at 93.14%, while TverskyLoss achieved 88.97%. The addi-
tion of facial landmarks provided valuable spatial context,
leading to improved segmentation results for JaccardLoss and
DiceLoss, although TverskyLoss showed lower performance
with PyraSegNet. The improvement in JaccardLoss can be
explained by how the loss function works: it measures the
overlap between predicted and true regions. By adding facial
landmarks, the model was able to align predicted boundaries
with the ground truth, which increased the overlap and
reduced the total area being considered. These findings
highlight the importance of selecting the proper loss function
and show that using complementary data, such as facial land-

marks, can improve segmentation performance by providing
additional spatial information.
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Fig. 4: Comparative Analysis of Loss Functions with and
without Landmarks

C. Ablation Study

The ablation study investigates the contributions of differ-
ent components of PyraSegNet to its performance. Specifi-
cally, the study examines the effectiveness of the pyramid
structure, the feature extractor, and various backbone ar-
chitectures. The results are summarized in Fig. 5, which
highlights the impact of these components.

1) Model Performance Across Backbones: To investigate
the impact of various backbone architectures on segmentation
quality, we compared PyraSegNet with ResNet, EfficientNet,
and SE-ResNet backbones. PyraSegNet’s default backbone
(InceptionV4) achieved the best performance, with an F1
score of 96.54% and mloU of 93.14%. This demonstrates
the advantages of InceptionV4’s hybrid architecture, which
is specifically designed to capture features through multi-
scale processing. Its ability to process multiple scale features
simultaneously is especially useful for thermal segmentation,
which requires accurate identification of diverse spatial pat-
terns.

Unlike InceptionV4, other backbones such as ResNet and
SE-ResNet employ sequential convolutional layers with fixed
kernel sizes, limiting their ability to efficiently capture multi-
scale details. As a result, they demonstrated lower perfor-
mance, with ResNet achieving an F1 score of 95.58% and
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Fig. 5: Analysis of Pyramid Structure and Feature Extractor
Effectiveness Across Backbones. PyraSegNet\P : PyraSeg-
Net without Pyramid, PyraSegNet\FE : PyraSegNet without
Feature Extractor

SE-ResNet scoring 93.96%. These backbones struggled with
recall, particularly in regions requiring fine-grained feature
extraction.

EfficientNet, while competitive, achieved an F1 score of
95.02% and an mloU of 91.15%. Its scalable architecture
optimized the parameter space well, however, it lacked the
flexibility of InceptionV4’s parallel convolutional operations,
leading to decreased segmentation accuracy. Finally, Pyra-
MoT [28], which utilized MobileNetV2 as the backbone,
achieved the lowest scores (F1: 93.22%, mloU: 89.45%) in
this segmentation task. While PyraMoT has demonstrated
strong performance in precise, pixel-level tasks such as
facial landmark detection, its limitations become apparent
in dense segmentation tasks. Thermal facial segmentation
requires not only high precision in localized areas but also
robust contextual understanding across the entire facial re-
gion. The representational depth of MobileNetV2, optimized
for lightweight and efficient processing, is less suited for
capturing the dense, high-dimensional feature maps required
for segmentation tasks with complex boundaries.

2) Model Performance Without Pyramid: To evaluate the
contribution of the pyramid structure, we removed it from
PyraSegNet (PyraSegNet\P). While the model performed
reasonably well, achieving an F1 score of 96.30% and an
mloU of 92.95%, there was a decline in recall (96.28% vs.
96.60%) and precision (96.43% vs. 96.30%) compared to the
full model. This drop highlights the pyramid structure’s role
in effectively aggregating multi-scale features.

The pyramid structure fuses features from different res-
olutions, enabling the model to capture both global and
local patterns in thermal images. Excluding it can lead to
under-segmented or overly generalized predictions, showing
that the pyramid is essential for enhancing PyraSegNet’s
robustness to subtle variations across facial regions.

3) Model Performance Without Feature Extractor: The
feature extractor was removed to assess its impact on
PyraSegNet (PyraSegNet\FE). This led to a significant per-
formance drop, with the F1 score decreasing from 96.54%

to 95.52% and the mloU from 93.14% to 91.43%. Precision
and recall were particularly affected, with precision falling
to 93.87% from 96.30%, underscoring the feature extractor’s
importance in identifying fine-grained facial features.

The feature extractor plays a crucial role in isolating and
amplifying relevant thermal patterns from raw input data.
Its absence led to under-segmentation in critical areas, as
the model failed to capture detailed spatial dependencies.
Overall, the feature extractor is vital for enabling the model
to process high-dimensional, thermal-specific features and
produce reliable segmentation outputs.

VI. CONCLUSION

Our research represents a significant step forward in
advancing the field of thermal facial region segmentation,
a domain increasingly recognized for its importance in ap-
plications such as physiological monitoring, stress detection,
and human-computer interaction. A central contribution of
this work is the introduction of the TFR dataset—a compre-
hensive collection of 5050 annotated thermal images from
163 diverse subjects. This dataset addresses a critical gap in
the field, providing a much-needed resource to support robust
training and evaluation of segmentation models. Its breadth
and quality offer a benchmark for future studies, paving the
way for improvements in accuracy and reliability.

Building on this foundation, we developed PyraSegNet,
a novel deep learning architecture tailored specifically for
thermal imaging challenges. By integrating advanced multi-
scale feature aggregation through its pyramid structure
and leveraging a custom feature extractor, PyraSegNet has
demonstrated exceptional performance. It surpasses estab-
lished state-of-the-art models such as DeepLabV3+ and U-
Net in accurately segmenting key facial regions, achieving
an impressive mean Intersection over Union (mloU) of
93.14% and an F1 score of 96.45% when utilizing landmarks.
These results underscore PyraSegNet’s capacity to handle the
nuanced and often complex characteristics of thermal data.

Our analysis further highlights the critical role of method-
ological choices in achieving such advancements. Care-
ful consideration of loss functions revealed that DiceLoss
and TverskyLoss are particularly effective for thermal fa-
cial region segmentation tasks, especially when combined
with facial landmark information. This approach consis-
tently improved model accuracy across all tested architec-
tures, emphasizing the interaction between data, architecture,
and optimization strategies. Additionally, the ablation study
reaffirmed the importance of PyraSegNet’s core compo-
nents—the pyramid structure for robust multi-scale feature
representation and the feature extractor for detailed, fine-
grained segmentation.

The implications of these findings extend beyond technical
metrics. They demonstrate the necessity of domain-specific,
high-quality datasets, such as TFR to address the unique
challenges posed by thermal imaging. Furthermore, they
validate the importance of designing specialized architec-
tures, such as PyraSegNet that are explicitly tailored to such
challenges.

Authorized licensed use limited to: University of Michigan Library. Downloaded on July 16,2026 at 22:01:11 UTC from IEEE Xplore. Restrictions apply.



VII. ETHICAL IMPACT STATEMENT

This research presents PyraSegNet, a deep learning frame-
work for thermal facial region segmentation, and introduces
the TFR dataset, a large annotated thermal facial dataset.
While the work has valuable applications in healthcare,
security, and human-computer interaction, it also raises eth-
ical concerns related to data privacy, potential misuse, and
fairness in biometric technologies.

The primary ethical consideration involves the use of
biometric thermal facial data, which, while less intrusive
than visible-spectrum facial imaging, still presents potential
privacy risks. Even though thermal imaging does not capture
traditional facial features like skin tone, it remains possible
to derive personally identifiable patterns. Additionally, biases
in facial analysis models have historically led to disparities in
performance across demographic groups, and it is crucial to
consider these risks when developing segmentation models
for human-centered applications.

To mitigate these risks, this research adheres to ethical
data collection practices, including institutional review board
(IRB) approval and informed consent from participants. The
dataset is anonymized by excluding personally identifiable
metadata, and the study does not involve facial recognition
or identity verification. Moreover, the dataset includes a
diverse range of subjects, ensuring variability in age, gender,
and occlusions, such as glasses, to improve fairness and
generalizability in segmentation performance.

The potential benefits of this work outweigh its risks, par-
ticularly in advancing non-contact physiological monitoring,
stress detection, and human behavior analysis in healthcare
and human-computer interaction settings. Unlike visible-
spectrum imaging, thermal imaging provides a privacy-
preserving alternative that reduces bias related to skin tone
and lighting conditions. By promoting transparency in our
methodology and acknowledging ethical considerations, this
research aims to contribute responsibly to the field while en-

couraging future studies to incorporate fairness assessments
and interpretability techniques for ethical Al deployment.
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