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Abstract— Facial analysis and recognition are vital compo-
nents in many real-world applications, such as driver safety
monitoring, security systems, and healthcare. Despite the need
for thermal images in many of these applications, there has
been limited research conducted on facial landmark recognition
for thermal images. This scarcity can be partly attributed to
a lack of thermal datasets for comprehensive analysis. In this
paper, we make three major contributions to the field of thermal
facial landmark detection. First, we present D5050, a novel
thermal face dataset that includes 166 video sequences and 5050
annotated thermal images from 163 different subjects, which
is, to our knowledge, the largest dataset with comprehensive
landmark annotation in terms of the number of subjects.
Second, we propose PyraMoT, an innovative thermal facial
landmark detection framework that combines a customized
encoder-decoder structure and a Feature Pyramid Network
(FPN) with the efficiency of MobileNetV2 and the incorporation
of the anisotropic loss function. Third, we conduct a thorough
comparative analysis with existing approaches, including six
methods, three datasets, and four color palettes for thermal
facial landmark detection. This study employs measures such
as Normalized Mean Error (NME) and Failure Rate (FR) to
determine and comparatively evaluate the accuracy and relia-
bility of the various detection methods. Overall, our proposed
approach outperforms other methods on different datasets and
contributes to the field of thermal image processing, proposing
three main advancements that address current limitations in
the field.

I. INTRODUCTION

Facial landmark localization plays a pivotal role in com-
puter vision, providing a framework for numerous advanced
applications. It enables precise face recognition by identify-
ing key facial features, used in security systems and personal
identification methodologies [38]. Age estimation, an emerg-
ing application, leverages these landmarks to accurately infer
age, which has implications in sectors like surveillance,
investigation, and social entertainment [15]. In healthcare,
facial landmark localization is instrumental in vital sign
monitoring, facilitating non-intrusive observation of heart
rate and respiration [19]. Additionally, this technology is
crucial in emotion recognition, where it aids in interpreting
human emotions by analyzing facial expressions, thereby
contributing significantly to human-computer interaction and
psychological studies [1], [31].

Thermal cameras offer distinct advantages in various
fields, particularly in their ability to operate effectively in
unlit or low illumination conditions [11]. Unlike RGB cam-
eras that rely on visible light, thermal cameras detect infrared
radiation. Thermal cameras are employed in various appli-

cations, including drivers’ alertness detection [26], circadian
rhythm detection [28], and monitoring human vital signals
[21], [27]. However, the domain of thermal facial landmark
detection, despite its potential, remains relatively unexplored
when compared to landmark detection using RGB cameras.
Thermal imaging requires specialized approaches different
from traditional visual landmark detection [24] due to the
major differences in the pixel format and the representation
of different objects as temperatures, which in return loses
some of the sharp edges and boundaries found in RGB
images. Deep learning techniques, though promising, face
hurdles due to the distinct nature of thermal imagery [6]
and the significant lack of proper annotated datasets in the
field. This limited research availability highlights the need
for dedicated efforts in exploring the use of thermal imaging
to detect facial landmarks.

The development of effective models for facial landmark
detection with thermal imaging is significantly hindered by
the lack of annotated datasets. Most existing datasets with
thermal images are either too small to train robust models
or lack the comprehensive annotations necessary for detailed
analysis [13]. This minimal availability of quality data leads
to models that are not sufficiently generalized, limiting their
applicability in real-world scenarios. In addition, the lack
of diverse datasets encompassing various demographics and
environmental conditions hampers the creation of universally
effective models [3].

In this paper, we make three major contributions, including
a new annotated thermal dataset, an innovative thermal facial
landmark detection approach that can be applied directly
to radiometric thermal data without the need for RGB
or grayscale formats, and an extensive comparison with
existing approaches. First, we introduce a novel thermal
face dataset, which encompasses an extensive collection of
thermal facial images featuring 163 distinct subjects. Second,
we have developed a novel approach for detecting facial
landmarks in these images, tailored to the unique charac-
teristics of thermal imaging, providing a novel method for
situations where traditional visual data and techniques prove
inadequate. The process of training and evaluating models
using this dataset is comprehensively outlined. In particular,
we employ a hybrid approach that leverages a pre-trained
model, Mobilenetv2, in conjunction with a Convolutional
Neural Network (CNN) encoder-decoder including a Feature
Pyramid Network (FPN). This combination aims to enhance
the performance of facial landmark detection using thermal
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images. Additionally, we explore the use of anisotropic loss
function, an aspect of our methodology that contributes
to the effectiveness of our approach. Third, we conduct
a comprehensive comparison between our proposed model
and other existing methods applied to thermal datasets. This
comparative analysis aims to assess our approach in relation
to established techniques.

II. RELATED WORK

Several studies have created thermal datasets to facilitate
research and development in the field of computer vision and
facial landmark detection. These datasets serve as valuable
resources for training and evaluating landmark detection
models specifically designed for thermal imagery, which is
a relatively new research area. In this section, we explore
the datasets utilized for training and evaluating landmark
detection models, along with the approaches employed in
literature to tackle this challenging task.

A. Datasets

In the context of thermal facial landmark detection, a
significant challenge lies in the limited availability of com-
prehensive thermal datasets. These datasets are pivotal for
driving research progress, enabling model development and
rigorous evaluation. They provide diversity in subject de-
mographics, facial expressions, and head positions. Due to
their instrumental role, researchers have curated datasets to
facilitate model development and evaluation in thermal facial
landmark detection. The RWTH-Aachen University Database
offers 2,935 thermal images from 90 subjects, featuring di-
verse facial expressions and 68 manually annotated landmark
points, making it a valuable resource for studying facial
recognition in thermal imagery [10]. The ARL-VTF (DE-
VCOM Army Research Laboratory Visible-Thermal Face
Dataset) stands out with an extensive collection of 500,000
images from 395 subjects, captured concurrently in thermal
and visible spectrums, complete with annotations for facial
bounding boxes and six key facial landmarks including the
left eye center, right eye center, base of nose, left mouth cor-
ner, right mouth corner, and center of mouth [23]. The TFW
(Thermal Faces in the Wild) dataset presents thermal images
from diverse indoor and outdoor environments. It includes
9,982 frames and 16,509 labeled faces from 147 subjects,
with challenging scenarios and conditions [12]. The SF-TL54
Dataset, derived from the SpeakingFaces dataset, provides
2,556 thermal images of faces from 142 participants recorded
in multiple positions, it emphasizes controlled conditions and
diverse facial expressions [13]. The Charlotte-ThermalFace:
UNC Charlotte Thermal Face Database offers images in a 16-
bit TIFF format and documents controlled thermal variation,
environmental properties, and facial landmarks [3].

Comprehensive facial landmark datasets, aside from Char-
lotte, are generally available only in RGB or Grayscale
format. Despite representing thermal images, these datasets
introduce additional challenges and require extra process-
ing to build models that handle these converted formats.
A model could be simplified by interacting directly with

thermal frames, which contain temperature values rather
than pixel values. This temperature data further expands the
applicability of the data in different real-world applications,
which may utilize temperature data directly instead of other
formats.

B. Thermal Facial Landmark Detection Methods

Several approaches have been used to leverage the po-
tential of thermal face biometrics for diverse applications,
encompassing detection, monitoring, recognition, and iden-
tification [11]. Within this context, landmark detection in
thermal imagery emerges as a pivotal technique for accurate
and comprehensive facial feature analysis.

In earlier studies, Kopaczka et al. [9] developed an LWIR
face tracking method based on Active Appearance Models
(AAM), addressing challenges in LWIR facial landmark
detection. Their work stressed the need for a dedicated
thermal face database and employed dense image features
with contrast-enhancing preprocessing for AAM training. In
a related study [10], the authors introduced a head pose
estimation method using random forest regression to improve
landmark detection for non-frontal faces in the thermal spec-
trum. Furthermore, they evaluated the effectiveness of Deep
Alignment Networks (DANs) for thermal facial landmark
detection and tracking. Poster et al. [22], [23], employed
DAN, in addition to multi-task convolutional neural net-
work (MTCNN) and the Multi-Class Patch-Based Classifier
(PBC), as part of their research on landmark detection in
thermal imagery. Chu et al. [6], developed a neural network
for facial landmark detection and emotion recognition in
thermal face images. They used a U-Net structure, trained
in two stages, with multi-task learning. Mallat et al. [16],
conducted training using both Active Appearance Models
(AAMs) and a Deep Alignment Network (DAN) on pseudo-
thermal images. However, AAM cannot be used in real-
time situations since the computation required by the AAM
approach is costly [18].

More recently, YOLOv5-Face was used by kuzdeuov et
al. [12], which is specifically designed for facial detection in
images, providing outputs in the form of bounding boxes and
the coordinates of five crucial facial landmarks. In a similar
vein, Anghelone et al. [2], proposed TFLD which is based
on YOLOv5, which consists of two consecutive modules:
a face detection module and a landmark detection module.
Furthermore, kuzdeuov et al. [13] trained two models for the
facial landmark detection task to show the efficacy of their
dataset. The first model is a classic machine learning model,
dlib, based on an ensemble of regression trees. In contrast,
the second model employs a deep learning architecture using
the U-Net design.

III. DATASET DESCRIPTION

In this section, we present an overview of our novel ther-
mal dataset, D5050, for facial landmark detection. We pro-
vide insights into the dataset’s acquisition, composition, an-
notation methodology, and inter-annotator agreement, which
are crucial for landmark detection and related research.
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A. Data Acquisition

The thermal dataset was acquired using a FLIR SC6700
camera, capable of capturing high-resolution thermal images
at 640x512 pixels with a substantial capacity of 7.2 million
electrons. To ensure the capture of dynamic facial expres-
sions and movements, the camera was configured to record
at a frame rate of 100 frames per second.

The dataset encompasses 166 video sequences, featur-
ing a total of 163 unique subjects. From this collection,
5050 thermal images were selected and annotated for facial
landmark detection, capturing a diverse array of scenarios.
Among these images, 130 include subjects wearing glasses,
comprising five individuals. Furthermore, the dataset com-
prises subjects captured at different times. The dataset’s core
comprises 157 subjects, each providing 30 annotated images
for analysis. We also captured 160 images of the same
subjects at different times, with two of the subjects providing
30 images in the morning and 30 images in the evening, and
another subject contributed only 10 images in the evening
of the following day. Three other subjects were represented
by 60 images each, with 30 images having no occlusions
and 30 with occlusions using glasses. A noteworthy aspect
of this dataset is its balanced gender representation, with 70
of the subjects, about 43%, being female, further enhancing
its diversity in terms of gender characteristics.

B. Data Annotation

To annotate this comprehensive dataset, we employed a
multi-step approach that combined computer vision models
with manual correction. Initially, we utilized face detection
and facial landmark prediction models from the dlib library
as a starting point for the annotations. However, due to
variations in camera specifications and image quality, as well
as the fact that dlib was not designed to be run directly on
the temperature values of thermal images, but on thermal
images in grayscale format, we observed inaccuracies in
the predicted facial landmarks, as expected. To address this,
two annotators individually examined each annotation and
corrected and refined landmarks as needed.

The annotation scheme for this dataset is based on the SF-
TL54 annotation [13], which, in turn, relies on the Multi-PIE
annotation scheme and the Labeled Face Parts in the Wild
(LFPW) dataset [5], [29]. It focuses on 54 facial landmarks,
including key areas such as the chin, eyebrows, nose bridge,
nose tip, eyes, and lips, with specific landmarks as follows:
chin (1-17), left eyebrow (18-22), right eyebrow (23-27),
nose bridge (28-31), nose tip (32-36), left eye (37-42), right
eye (43-48), and lips (49-54). While Multi-PIE typically
employs a 68-point landmark set according to the IBUG
standard, our adaptation aligns with the SF-TL54 scheme’s
54-point landmark set.

C. Inter-Annotator Agreement

In our evaluation, we initially focused on metrics that
assess annotator agreement, providing insights into the con-
sistency and reliability of our annotations. We employed
Pearson’s Correlation Coefficient (CC) to quantify the linear

relationship between the landmark coordinates (l̂) generated
by two annotators [20], [17].

Moreover, we utilized the Concordance Correlation Coef-
ficient (CCC) to extend our evaluation, combining CC with
measures of agreement in means and variances between the
landmark coordinates generated by the two annotator [36].

These metrics capture both correlation and agreement
between the annotations made by the two annotators and
provide a robust assessment of the consistency and reliability
of the annotations.

When assessing inter-annotator agreement for our dataset,
we achieved results showing a CCC of 0.921, a CC of
0.967, and a normalized Root Mean Square Error (nRMSE)
of 0.022. The nRMSE was calculated by normalizing the
Euclidean distance between two points based on the diagonal
of the bounding box encompassing a face. This bounding box
was determined by finding the maximum and minimum coor-
dinates of the annotated landmarks [4], [30]. This compares
well to Bandini et al. [4], where the nRMSE (normalized
Root Mean Square Error) was lower than 5%, and Sagonas
et al. [30], with a normalized mean euclidean distance of
0.0262.

In summary, our dataset serves as a valuable resource for
advancing the field of automatic thermal facial landmark
detection. It features high-resolution imaging, a diverse set
of subjects, and comprehensive annotated facial landmarks.
Employing combined annotations from the two annotators as
the ground truth enhances the dataset’s overall quality and
reliability, establishing it as an asset for future research.

IV. METHODOLOGY

In this section, we elaborate on the key components of our
methodology, addressing the critical aspects of loss function
selection and providing a detailed insight into the deep
learning model architecture used for thermal facial landmark
detection.

A. Loss function

The choice of an appropriate loss function is critical
for achieving optimal model performance. Previous research
[34], [33] has commonly employed widely recognized L1
and L2 loss functions for facial landmark localization mod-
els. However, these traditional loss functions were outper-
formed by Wing-Loss introduced in [7].

In our research, we adopt the anisotropic loss function
as outlined in [25]. The choice is motivated by the need
to account for likely uncertainties in training point po-
sitioning. Rather than employing Euclidean distances and
treating all points uniformly, we leverage the Mahalanobis
distance with anisotropic covariance matrices. This choice
allows each facial landmark point to be assigned a distinct
weight, enhancing the model’s adaptability to variations
in point significance. The anisotropic covariance matrices
play a crucial role in penalizing movements away from
boundaries, particularly for points situated on edges. This
deliberate construction aims to address the challenges posed
by uncertain training point positions, prioritizing accuracy
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in proximity to edges. Additionally, landmarks with well-
defined x and y directions, such as the corners of the eyes or
mouth, are assigned unit covariance matrices. This relatively
simple change not only improves the overall accuracy but
also allows for faster convergence during training.

Suppose we have two shapes, each containing n points,
represented by {xi} and {zi}. We assume a covariance
matrix, Si, at each point {zi}. The cost function is defined
as:

Loss =

n∑
i=1

(xi − zi)
TWi(xi − zi) (1)

where Wi = S−1
i is the weight matrix at each point. To

represent anisotropic distributions, a covariance matrix S is
constructed with a variance of a2 along direction u (|u| = 1)
and b2 along the orthogonal direction:

S = a2uuT + b2(I − uuT ) (2)

This results in the weight matrix:

W = S−1 =
1

a2
uuT +

1

b2
(I − uuT ) (3)

Assuming the points {zi} are roughly equally spaced
along a curve, the tangent at point i is given by:

ti =
zi+1 − zi−1

|zi+1 − zi−1|
(4)

similar to the one outlined in [13] For points at the ends of
an open curve, t1 = z2−z1

|z2−z1| and tn = zn−zn−1

|zn−zn−1| . The weight
matrices are then set up as:

Wi = S−1
i =

1

a2
tit

T
i +

1

b2
(I − tit

T
i ) (5)

where a > b, providing more freedom to slide along the
curve than normal to it. For our paper, based on experimental
results conducted on a validation set, we choose a = 4 and
b = 2. At well defined corners we use Wi = I, where I is
the identity matrix. The cost function exhibits more rapid
convergence, as observed in practical applications [25].

B. Pyramid MobileNet Thermal (PyraMoT) architecture

The architecture of our model is illustrated in Fig. 1.
Our training methodology follows a three-stage training
approach, similar to the one outlined in [13], which consists
of mask extraction, fully connected layer pre-training, and
full training.

In the first stage of our methodology, we present a hybrid
architecture that combines the efficiency of MobileNetV2
with a custom encoder-decoder structure. The initial stage
consists of using MobileNetV2 as the base model, which
is a neural network architecture known for its efficiency,
speed, and suitability for real-time applications on resource-
constrained devices [32]. We extracted the bounding boxes
for our dataset by padding landmarks, which was used to
crop the images to the face. Following that, the resizing of the
input image and passing it through a 1x1 convolution to align
with the MobileNetV2 input shape occurred simultaneously

TABLE I
OVERVIEW OF THE PYRAMOT MODEL ARCHITECTURE, DETAILING

LAYER SPECIFICATIONS INCLUDING KERNEL SIZES, STRIDES,
ACTIVATION FUNCTIONS, AND DROPOUT RATES.

Layer Kernels Stride Activation Dropout
encoder 64 × (3 × 3) 2 × 2 LeakyReLU -
encoder 128 × (3 × 3) 1 × 1 LeakyReLU -
encoder 128 × (3 × 3) 2 × 2 relu -
encoder 256 × (3 × 3) 2 × 2 relu -
encoder 256 × (3 × 3) 1 × 1 relu -
encoder 512 × (3 × 3) 2 × 2 relu -
encoder 256 × (3 × 3) 2 × 2 relu -
p5 256 × (1 × 1) - relu -
p4 - UpSampling2D - -
p3 - UpSampling2D - -
p3 256 × (1 × 1) - relu -
p4 256 × (1 × 1) - relu -
p5 256 × (1 × 1) - relu -
fusion - - - -
decoder 512 × (3 × 3) 2 × 2 relu 25%
fusion - - - -
decoder 256 × (3 × 3) 2 × 2 relu 25%
fusion - - - -
decoder 128 × (3 × 3) 2 × 2 relu 25%
decoder 64 × (3 × 3) 2 × 2 relu 25%
decoder 64 × (3 × 3) 1 × 1 relu -
decoder 32 × (3 × 3) 2 × 2 relu -
output layer 1 × (1 × 1) - tanh -

with the encoder block. This block consists of a series of
convolutional layers with 3x3 filter size and varying strides.
These layers progressively downsample the input image,
capturing diverse features at different scales. Leaky ReLU
and ReLU activation functions are applied to introduce non-
linearity and enhance feature representation. Following the
encoder, we integrate Feature Pyramid Networks (FPN) into
our model architecture [14]. To generate feature maps at
various scales, we utilize both upsampling and lateral con-
nections. These connections play a vital role in enhancing the
fusion of features from different stages, thereby improving
the overall feature representation. Resizing MobileNetV2
features to align with the encoder’s output size is followed by
a fusion layer that concatenates the extracted features with
features from the preceding stage, establishing a connection
between the MobileNetV2 base and the custom encoder.
The decoder block comprises convolutional transpose layers
with dropout to reconstruct the image. The upsampling and
concatenation steps mirror the FPN-like structure, allowing
the model to recover spatial information at different scales.
Dropout is incorporated for regularization to prevent over-
fitting. The final part of the model consists of a series of
convolutional transpose layers that gradually upsample the
features. The output layer, using a 1x1 convolution with tanh
activation, produces the final output. The model is further
detailed in Table I.

In Fig. 2, we illustrate the predicted mask obtained in the
initial step of our facial landmark detection model, giving a
straightforward representation of the model’s performance in
identifying facial landmarks.

Following the mask extraction, the second stage involves
the introduction of three fully connected layers connected
to the output layer from the PyraMoT model. The first and
second layers contain 2,048 and 512 neurons, respectively,
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Fig. 1. Overview of the first stage of PyraMoT architecture

with a 30% dropout. The final layer has 108 neurons as the
number of x, y coordinates is 2 × K, where K represents the
number of landmarks. We freeze the trainable parameters of
the PyraMoT model during this stage, aiming to pre-train
the final connected layers without altering the weights of the
PyraMoT model. The training objective is set to minimize
the anisotropic loss, emphasizing the importance of accurate
predictions for facial landmark coordinates.

The third and final stage is a comprehensive training
process where the frozen layers of the model are released,
enabling the complete network to be fine-tuned. The objec-
tive is to adjust the weights of both the PyraMoT model
and the last fully connected layers, enhancing the overall
performance of the model in facial landmark detection. This
three-stage approach draws inspiration from the literature
[13] and aims to optimize the model efficiency and accuracy.

Fig. 2. a) Input face image. b) The ground-truth mask. c) The predicted
mask

V. EXPERIMENTAL RESULTS

In this section, we present the evaluation metrics employed
in our assessment, along with a discussion of the results for
the various methods used in our experiments.

A. Evaluation Metrics

1) Normalized Mean Error (NME): In evaluating the
precision of our facial landmark detection models, we as-
sessed accuracy using the Normalized Mean Error (NME)
metric [7], [13], [29], which measures the average of the
squared differences between predicted and actual landmark
coordinates, normalized by the interocular distance. The
NME is calculated as:

NME =
1

N

N∑
i=1

∥l̂i − li∥
K ·Di

(6)

Where l̂i and li represent the predicted and ground-truth
landmark coordinates for the i-th landmark point, K is
the total number of facial landmarks, Di is the interocular
distance, typically defined as the distance between the outer
corners of the eyes for the i-th image [29], [37], and N
represents the total number of images.

2) Failure Rate (FR): In addition to NME, we also present
the Failure Rate (FR) metric, which serves as an indicator of
localization quality. The FR metric designates predictions as
failures when the NME (Normalized Mean Error) surpasses
a predefined threshold (t). In our case the threshold is set to
t=10% [7], [35].

3) Cumulative Error Distribution (CED) Curve: Another
supplementary metric we employed is the Cumulative Error
Distribution (CED) curve [25]. The CED curve illustrates
the proportion of examples with NME values below a given
threshold (t), providing a comprehensive view of prediction
quality. A higher Area Under Curve (AUC) in the CED curve
signifies superior performance. These combined metrics offer
a robust assessment of our landmark detection models’
accuracy and localization quality, as used in literature.

B. Comparative Analysis of Methods Performance

1) Data Split: In our analysis we report the metrics
using the three available datasets, which are the RWTH-
Aachen University Dataset, the SF-TL54 Dataset, and our
own D5050 Dataset. Table III provides an overview of each
dataset, detailing the sizes of the training, validation, and test
image sets, as well as the number of subjects involved, the
presence of occlusions, the color palette, and the number of
landmarks. The color palette in this table corresponds to the
different format used to represent the thermal images, includ-
ing gray, iron, negative, and radiometric temperatures (Ther-
mal). The Charlotte-ThermalFace Dataset, which contains
over 10,000 images, was also considered in our experiments;
several analyses, tests, and models were performed and run
on the dataset’s thermal (gray and radiometric temperature)
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TABLE II
COMPARISON OF NME FOR DIFFERENT METHODS ON THE THERMAL DATASETS

Dataset D5050 SF-TL54 RWTH-Aachen
Cobebase/Type Gray Iron Thermal Gray Iron Negative Gray
U-Net 0.0335 0.035 0.0365 0.0358 0.0368 0.0364 0.0371
MobileNetV2 0.0391 0.0456 0.0863 0.0422 0.0415 0.0407 0.0372
ResNet50 0.0626 0.0544 0.0712 0.128 0.133 0.113 0.0811
PyraMoT 0.0329 0.0337 0.035 0.034 0.0354 0.0358 0.0353
YOLOv5 0.045 0.054 0.041 0.046 0.064 0.046 0.078
AAM 0.0562 0.0559 0.0586 0.0737 0.0724 0.0728 0.044

images. Due to some deficiencies in the dataset, including
widespread missing or erroneous ground truth landmarks,
the dataset and our results on it were removed from the
paper. Our attempts at filtering Charlotte’s data were not
successful due to the randomness of the deficiencies, which
would only be correctable with a significant manual effort to
certify or recreate the ground truth of the dataset. Although
the dataset contains a diverse range of images, to the best of
our knowledge, no previous studies on landmark detection
have been conducted on it.

TABLE III
DATASETS OVERVIEW

Dataset D5050 SFTL54 RWTH-Aachen
Subjects 163 142 94

Color palette 3 3 1
Number of landmarks 54 54 68

occlusions Yes Yes No
Train ∥subject 3850 ∥126 1800 ∥100 2042 ∥58

Validation ∥subject 600 ∥20 180 ∥10 222 ∥8
Test ∥subject 600 ∥17 576 ∥32 671 ∥24

2) Performance Analysis: We thoroughly evaluated the
performance of various methods, including AAM [10],
YOLOv5 [2], MobileNetV2 [32], ResNet50 [8], PyraMoT
(our proposed method), and U-Net [13]. Furthermore, we
explored the potential of dlib; however, because we used it
in our semi-manual annotation process and to maintain im-
partiality, we decided not to include the results obtained with
dlib in the paper. The Active Appearance Models (AAM)
method was implemented using the Menpo library for facial
landmark detection in thermal images. Key preprocessing
steps included converting landmarks to a standard PTS for-
mat and adjusting them to the thermal image dimensions. The
AAM, configured with HolisticAAM and Image Gradient
Orientation (IGO) feature, was trained on a subset of images.
LucasKanadeAAMFitter was also implemented to the fitting
process.

In terms of the YOLOv5 implementation, the lack of
specified parameters in the paper, particularly the width and
height of the bounding boxes, presented a challenge. Given
the lack of clear guidance on these specific parameters, we
defined our own settings in accordance with the author’s
methodology. We calculated the width (w) and height (h) of
the bounding boxes as proportional to the inter-eyes distance
(IED), using the formulas w = IED ∗ k and h = IED ∗ k,
where k is a scaling factor less than one.

The implementation of MobileNetV2 and ResNet50 in-

volved modifying the last layer to align with the specific
number of classes corresponding to our landmarks. Subse-
quently, the models were trained directly on the datasets with
this adjustment.

For U-Net, we followed the exact steps provided in the
paper, including the application of the Adam optimizer and a
dropout rate of 0.5 for regularization. The Wing loss function
with parameters (w = 10, ϵ = 2.0) was also employed.

For all datasets used in our research, we implemented
data augmentation by horizontal flipping, thereby doubling
the dataset size for training, validation, and testing. This
method was chosen to allow for a direct comparison with the
results reported in this paper [13]. Our goal was to maintain
consistency in the augmentation strategy while assuring a
fair and meaningful evaluation for a thorough comparative
analysis.

Fig. 3. Comparison of Failure Rate for Different Methods on the Thermal
Datasets

Table II presents the NME reported for all methods across
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diverse datasets. The D5050 dataset achieved the lowest er-
rors compared to the same image palette in the other datasets.
Among the methods, U-Net reached an NME of 0.0335,
0.0358, and 0.0371 on the D5050, SF-TL54, and RWTH-
Aachen datasets using the gray-scale images, respectively.
However, PyraMoT outperformed U-Net with an NME of
0.0329 on D5050, and 0.035 and 0.0353 on SF-TL54 and
RWTH-Aachen using the gray-scale images, respectively.
One possible explanation for PyraMoT’s higher performance
is its architecture that integrates MobileNetV2 as feature ex-
tractor and Feature Pyramid Network as multi-scale features,
which employs hierarchical lateral connections for object
detection tasks within thermal images, while U-Net utilizes
symmetrical skip connections that focuses on preserving
fine-grained spatial information for semantic segmentation
purposes. The combination of low level features with high
level features allows the model to capture both fine and
coarse details in the image. This feature fusion results in a
comprehensive representation of the input image at multiple
scales, enhancing object localization, particularly for small
objects, through the provision of feature maps at different
resolutions.

PyraMoT also outperformed all methods, including U-Net
which follows the three-stage training approach. In addition,
U-Net demands more resources and time for training, as
it has around 34 million trainable parameters compared to
PyraMoT’s approximate 16 million trainable parameters for
the first stage of training.

MobileNetV2 and ResNet50 are primarily designed and
trained for RGB images and, in particular, image classifi-
cation tasks. Radiometric thermal image performance issues
may surface as a result of RGB channel optimization, ne-
cessitating potential adaptation or transfer learning for better
results on such datasets. This may provide one explanation of
the relatively poorer performance seen on MobileNetV2 on
the radiometric thermal D5050 dataset, with 0.0863 NME,
compared to the gray and iron palettes that align more closely
with the RGB images, at 0.0391 and 0.0456 respectively.
ResNet50, when compared against MobileNetV2, performed
relatively worse on SF-TL54 and RWTH-Aachen than on
D5050. One possible reason for that is ResNet’s deeper
architecture, which typically requires a larger dataset to
achieve better performance.

Aside from the effect of the characteristics of the different
models on their performance, we observed that all methods
performed better on average on the D5050 dataset when
compared to the SF-TL54 and RWTH-Aachen datasets. This
may be due to the extensive number of images and their high
resolution in the D5050 dataset.

While the YOLOv5 architecture is capable of effectively
detecting objects and their bounding boxes, it isn’t inherently
optimized for the detection of facial landmarks, particularly
in the thermal color palettes. Furthermore, a requirement
for YOLOv5 is that the input needs to be converted into
an image first, meaning the model is not able to process
the raw thermal data stored as numpy arrays. Similarly,
the AAM model’s architecture utilizes shape and texture in

Fig. 4. Comparison of Predicted Landmarks (in red) and Ground Truth (in
green).

defining facial landmarks, both of which are not as apparent
in thermal images as compared to RGB images. Compared to
U-Net and PyraMoT, these two methods had a higher error
across all datasets.

Fig. 5. Facial landmark predictions in diverse images, encompassing
different subjects, poses, and occlusions.

In addition to the NME results, we present the FR results
in Fig. 3. The y-axis, with a threshold of 10%, shows the
percentage of points that have an NME higher than 0.1. Fig.
3a shows that ResNet50 and AAM have very high FR. Fig.
3b, which is a zoomed view of the Failure rates between
0% and 1.5%, shows lower FR for U-Net and PyraMoT.
Both methods exhibit lower FR percent across the majority
of datasets, with only 1.33% and 1% Failure Rate (FR) for
PyraMoT and U-Net, respectively, on the temperature scale.
This further proves the effectiveness of both methods for
this task compared to the other methods. Of note is that
YOLOv5 resulted in low FR, in part due to NME being
calculated for the predicted landmarks, as YOLOv5 fails
to consistently predict all landmarks, which resulted in low
errors. Nevertheless, the average NME remains higher than
that of PyraMoT.

To assess PyraMoT’s performance more comprehensively,
Fig. 4 visualizes the error by comparing predicted landmarks
in red to ground truth landmarks in green. The visual
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Fig. 6. Cumulative Error Distribution (CED) for Different Datasets and Loss Functions

disparity between the two sets allows a quick assessment
of the model’s accuracy.

Fig. 5 extends this evaluation by showcasing PyraMoT’s
predicted landmarks across various images, including occlu-
sions. While our model currently demonstrates proficiency
in handling glasses as an occlusion, addressing potential
unknown occlusions like face masks or caps requires on-
going research for thermal landamrks detection. The model
maintains reliable landmark placement around the subject’s
face, even in challenging scenarios that include glasses and
beards, scoring an NME of 0.0335. This indicates PyraMoT’s
potential reliability for future facial segmentation tasks on
thermal images.

Following that, we delve into the analysis of the loss
functions performance across the three datasets in Fig. 6.
We observe that MSE performs better on the RWTH-Aachen
dataset compared to the Wing loss function, while for the
other datasets, Wing loss shows slightly better results. The
anisotropic loss function outperformed both loss functions
across all three datasets. The approach of penalizing move-
ments away from boundaries proves effective, as explained
earlier, especially for points on edges, as we assign distinct
weights to each facial landmark point.

VI. CONCLUSION

In this paper, we presented novel contributions to the field
of thermal facial landmark detection, a domain that, despite
its potential in security, autonomous vehicles, and health
domains, has been relatively under-explored. We introduced
a comprehensive new thermal dataset, a novel thermal facial
landmark detection framework, PyraMoT, along with an ex-
tensive comparative analysis against existing methodologies
across three datasets and four color palettes, including gray,
iron, negative, and radiometric thermal. The D5050 dataset,
featuring a diverse collection of thermal facial images from
163 distinct subjects, including instances with occlusions,
addressed a critical gap in the availability of quality thermal
image data with comprehensive facial landmark annotations
through manual annotation.

By integrating the efficient MobileNetV2 architecture with
a custom encoder-decoder structure, including a Feature
Pyramid Network, PyraMoT showed better performance
in extracting and utilizing features from thermal images.
Our comparative analysis against U-Net, MobileNetV2,
ResNet50, YOLOv5, and AAM showed that our proposed
approach outperformed other approaches for all of the
datasets and scenarios using the Normalized Mean Error
(NME) and Failure Rate (FR) to quantitatively and com-
paratively evaluate the accuracy and reliability of various
detection models. On the D5050-gray dataset, PyraMoT
achieved a lower Normalized Mean Error (NME) of 0.0329
compared to U-Net’s 0.0335, and continued this trend across
SF-TL54 and RWTH-Aachen datasets with NMEs of 0.034
and 0.0353, respectively. In particular, PyraMoT achieved
the lowest NME of 0.035 on the D5050 radiometric thermal
images compared to all the other methods. The PyraMoT
architecture, which consists of MobileNetV2 as a feature
extractor and FPN for multi-scale features, improves object
localization, particularly for small objects, by providing
feature maps at different levels. This allowed the model to
capture both fine-grained and coarse-grained details in the
image, making it capable of handling objects of different
sizes, such as facial landmarks. Unlike models optimized
for RGB images, such as MobileNetV2 and ResNet50, Pyra-
MoT proved better at thermal image processing, evidenced
by lower failure rates and higher accuracy in challenging
conditions, including occlusions. This is complemented by
an advanced loss function analysis, where PyraMoT’s use
of an anisotropic loss function proved more effective across
datasets than traditional MSE and Wing loss functions,
particularly in penalizing deviations for edge points. Overall,
PyraMoT’s combination of lower error rates, efficient train-
ing, and robust performance in diverse conditions suggests
it as an effective approach for thermal landmark detection.

We believe that our findings will serve as a foundation for
future research and development, driving advancements in
both the theoretical and practical aspects of thermal image
processing for facial landmark detection.
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