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Abstract

Monitoring driver visual behavior provides valuable information about the driver’s level of attention and plays
an important role in developing intelligent driver assistance systems. This paper presents a multitask Deep
learning model that uses thermal facial images to estimate facial landmarks and classify overall head
orientation (frontal and lateral) simultaneously. The predicted outputs are then used to compute two sets of
geometric descriptors for estimating head pitch. The proposed model was evaluated on the Charlotte-Thermal
Face dataset, achieving a mean absolute error (MAE) of approximately 9 pixels for facial landmark localization
and 87% classification accuracy for head orientation estimation. Furthermore, the proposed descriptors
exhibited consistent behavior across different head inclinations, providing complementary geometric
information that can be incorporated as an additional feature in driver monitoring systems.
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Introduction

Recent advances in computer vision and Advanced Driver Assistance Systems (ADAS) have significantly
improved with features like collision avoidance, lane-keeping assistance, and automatic emergency braking
(Jha et al., 2023; Kim et al., 2023). However, the driver's physical and cognitive condition remains critical to
ensuring safe vehicle operation because the driver retains ultimate responsibility for vehicle control.
Consequently, fatigue, distraction, and alcohol impairment continue to be major contributors to traffic accidents
(Kim et al., 2023). According to the National Institute of Public Health (INSP), road traffic accidents account
for approximately 24,000 fatalities annually in Mexico, ranking the country seventh worldwide and third in Latin
America in traffic-related deaths (Caminos y Puentes Federales, 2022). Similarly, the Mexican Institute of
Transportation (IMT) identifies driver inattention as a leading cause of road accidents (Caminos y Puentes
Federales, 2022).

In this context, there is an increasing need for intelligent driver monitoring systems that can continuously
assess drivers' attention states. Among different behavioral cues, head orientation has emerged as a valuable
feature because it provides information about the driver's gaze direction and potential signs of fatigue or visual
distraction (Dong et al., 2010). Several approaches have been proposed in the literature to assess the driver’s
condition and attention level, including the analysis of physiological signals (Qiu et al., 2019), the detection of
cognitive distractions (Li & Busso, 2014), and the recognition of emotional states (Abdic et al., 2016). Among
the various factors associated with unsafe driving, visual distraction caused by looking away from the road is
recognized as one of the leading risk factors contributing to traffic accidents (Dingus et al, 2006).
Consequently, head pose estimation has emerged as an effective strategy for inferring the driver's focus of
attention, since head orientation provides valuable information about gaze direction and changes in alertness.
However, estimating head pose from RGB imagery remains challenging due to variations in illumination,
shadows, and cluttered backgrounds, which can reduce the reliability of vision-based systems (Kim et al.,
2023). As an alternative, thermal infrared imaging combined with computer vision and deep learning
techniques has attracted increasing attention because it is considerably less sensitive to ambient lighting
conditions while preserving facial structural information. Consequently, several studies have explored using
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thermal imaging for robust head orientation estimation under varying illumination conditions. For instance,
(Kim et al., 2023) developed a real-time driver monitoring system which estimates facial landmarks from
thermal images in order to extract head pose and eye region information for assessing driver attention.
Similarly, (Yuen et al., 2016) proposed a deep neural network (DNN) for simultaneous facial landmark
localization and head pose estimation. (Jha et al., 2023) introduced a convolutional neural network (CNN)-
based fusion framework that combines head pose and eye appearance to estimate the driver's gaze over a
two-dimensional gaze grid. More recently, (Herashchenko & Farkas, 2023) employed the MetaHuman platform
to generate a synthetic facial dataset containing gaze and head pose annotations, demonstrating improved
accuracy in eye gaze direction and head rotation estimation. While these studies show that localizing facial
landmarks and estimating head pose are effective components of driver monitoring systems, most existing
approaches focus on either directly regressing head pose using deep learning models or incorporating head
orientation as an auxiliary feature in gaze estimation frameworks. Relatively little attention has been devoted,
however, to designing geometric descriptors that exploit facial landmark configurations to characterize head
pitch, particularly under frontal and lateral facial views, where self-occlusion limits the availability of facial
landmarks.

To address these limitations, this paper proposes a multitask deep learning framework for thermal facial
images that can perform facial landmark localization and head orientation classification (frontal or lateral view)
simultaneously. The outputs of these two tasks are then combined to compute two sets of geometry-based
descriptors for estimating head pitch, which are specifically designed for frontal and lateral facial views. The
proposed framework adapts the pitch estimation process to the availability of visible facial landmarks under
self-occlusion by selecting the appropriate descriptor according to the estimated facial orientation. These
descriptors provide complementary geometric information that can be incorporated into thermal-based driver
monitoring systems as an additional feature.

Metodology

2.1 Proposed Methods and Data Sources

This study presents a methodological framework based on a multitask CNN that simultaneously localizes
facial landmarks and classifies head orientation. The objective is to estimate head pitch using geometry-based
descriptors. Figure 1 illustrates the overall workflow of the proposed framework, which comprises four main
stages: dataset partitioning, image and annotation processing, multitask network training and evaluation, and
geometric head pitch estimation based on predicted facial landmarks and orientation.
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Figure 1. Framework of the studySource: Own work.
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The proposed framework was evaluated using the Charlotte-ThermalFace dataset (Ashrafi et al., 2022), which
was collected by researchers at the University of North Carolina at Charlotte (UNC Charlotte). The dataset
contains approximately 10,000 thermal infrared facial images acquired from ten participants under various
environmental conditions, camera-to-subject distances, and natural head orientations. Along with the thermal
images, the dataset provides environmental metadata collected during image capture, such as air
temperature, relative humidity, airflow velocity, and camera distance. For this study, only manually annotated
facial landmarks were considered. There are 73 landmarks for frontal views and 43 for lateral views. While the
Charlotte-ThermalFace Dataset was not originally developed for head pose estimation, it is well-suited to the
proposed methodology due to its substantial natural variations in facial orientation. These variations include
frontal and lateral views, as well as different head pitch configurations. These characteristics enable the
evaluation of the proposed geometric descriptors under realistic acquisition conditions without requiring
dedicated head pose annotations. The complete annotated dataset is publicly available through the official
repository: https://github.com/TeCSAR-UNCC/UNCC-ThermalFace.

2.2 Data splitting

The Charlotte-ThermalFace Dataset provides participant metadata, the (x, y) coordinates of each
manually annotated facial landmark, and the image identifier that links each annotation to its corresponding
thermal image. To evaluate the generalization capability of the proposed model, the dataset was partitioned
at the subject level, using seven participants for training, one for validation, and two for testing. Unlike image-
level random splitting, subject-wise partitioning prevents images from the same individual from appearing in
multiple subsets, thereby reducing identity-related bias and providing a more realistic evaluation of the model’s
ability to generalize to previously unseen subjects.

2.3 Image Processing
2.3.1 Facial geometric analysis

Since the proposed geometric descriptors depend on spatial relationships among facial landmarks, JPEG
thermal images from the Charlotte-ThermalFace dataset were used for facial visualization and landmark
localization. These images preserve the thermal facial appearance while enabling the manually annotated
landmarks to be accurately projected onto the facial geometry. Each image contains manual annotations
corresponding to 73 landmarks in frontal views and 43 in lateral views, as illustrated in Figure 2. The reduced
number of landmarks in lateral views is mainly due to self-occlusion, wherein several facial features become
invisible due to head rotation.

Figure 2. Manual annotations: a) 73 landmarks (front view), b) 43 landmarks (lateral view).
Source: Adapted from Charlotte-ThermalFace (Ashrdfi et al., 2022).

To standardize the input dimensions and reduce the computational complexity of the proposed deep learning
model, the spatial resolution of all thermal images was resized to (256 x 256) pixels. The coordinates of the
facial landmarks were proportionally rescaled to maintain their spatial correspondence within the resized
images, as defined in (1).
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Where x; and y; denote the original coordinates of the i-th facial landmark, x; and y; are the corresponding
rescaled coordinates, W, and H, represent the width and height of the original image, and W, and H,
correspond to the dimensions of the resized image.

In addition to the landmark coordinates, head orientation labels were automatically generated for the
classification branch of the multitask network. Since the Charlotte-ThermalFace Dataset provides 73 manually
annotated landmarks for frontal facial views and 43 landmarks for lateral views, the number of available
annotations was used as an indicator of facial orientation. Consequently, images containing 73 landmarks
were assigned to the frontal-view class (Class 0), whereas images containing 43 landmarks were assigned to
the lateral-view class (Class 1).

2.3.2 Contrast Limited Adaptive Histogram (CLAHE)

Contrast Limited Adaptative Histogram Equalization (CLAHE) is a local contrast enhancement technique
commonly used in image processing to improve the visibility of the fine image details. Unlike conventional
histogram equalization, which applies a global intensity transformation, CLAHE operates on small non-
overlapping image regions (tiles) and independently equalizes the histogram within each region while limiting
the local contrast amplification through a clip limit. This strategy reduces noise amplification while enhancing
subtle intensity variations (Li et al., 2024).

In the proposed framework, CLAHE was employed as a preprocessing step to enhance the local thermal
contrast of facial regions before landmark localization. Improving the local contrast facilitates the convolutional
network's extraction of discriminative facial features, particularly in areas with low thermal gradients. Based
on preliminary experiments, the CLAHE parameters were set to clipLimit = 2.0 and tileGridSize = (8, 8). Figure
3 shows an example of the contrast enhancement obtained with the proposed preprocessing stage.

5

a) ' b)

Figure 3. Image processing: a) original image, b) image processed using CLAHE.
Source: Adapted from Charlotte-ThermalFace (Ashrdfi et al., 2022).

2.4 Model Construction and Evaluation
2.4.1 Multitask Network Architecture

Multitask learning (MTL) is a deep learning paradigm in which a shared feature extractor is optimized
simultaneously to solve multiple related tasks via independent, task-specific output heads. Multitask models
learn common feature representations, exploiting the correlations between related objectives while reducing
the computational cost associated with training independent networks (Mao et al., 2020). In the proposed
framework, two related tasks are optimized simultaneously: facial landmark localization (the primary task) and
facial view classification (the auxiliary task). Instead of directly improving landmark localization accuracy, the
auxiliary branch provides the facial orientation information necessary for automatically selecting the
appropriate geometric descriptor for subsequent head pitch estimation. Consequently, both tasks are learned
together within a unified architecture, which enables end-to-end prediction of the information required by the
proposed geometric framework.

The complete network architecture is summarized in Table 1. As shown, the network consists of a shared
convolutional backbone made up of four convolutional blocks with 3x3 kernels. Each convolutional layer is
followed by a max-pooling operation. The extracted feature maps are then flattened and projected into a fully
connected layer with 512 neurons to generate a compact feature representation that is shared by both tasks.
This shared representation is then divided into two task-specific branches. The landmark localization branch
consists of a 10% dropout layer, followed by a fully connected layer with 146 output neurons corresponding to
the normalized coordinates of the 73 facial landmarks. The facial view classification branch consists of a single
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fully connected neuron with a sigmoid activation function that produces the probability that the input image
belongs to either the frontal or lateral facial view.

Table 1. Structure of the Multitask Model.

Layer (type) Output Shape Activation #Params Connected to
Input layer (256, 256, 1) - 0 -

Conv2D (254, 254, 16) RelU 160 Input Layer
MaxPooling 2D (127,127, 16) 0 Conv2D

Conv 2D_1 (125,125, 32) Relu 4640 MaxPooling 2D
MaxPooling 2D_1 (62, 62, 32) - 0 Conv2D_1
Conv2D_2 (60, 60, 64) RelU 18496 MaxPooling2D_1
MaxPooling 2D_2 (30,30, 64) 0 Conv2D_2

Conv 2D_3 (28, 28, 128) Relu 73,586 MaxPooling 2D_2
MaxPooling 2D_3 (14, 14, 128) - 0 Conv2D_3
flatten (25088) - 0 MaxPooling2D_3
Dense (512) RelU 12,845,568 flatten

Head 1

Dropout (512) - 1] Dense
Landmarks (146) Sigmoid 74,898 Dropout

Head 2

Direction (1) Sigmoid 25,089 flatten

Since the proposed framework addresses both a classification task (facial view classification) and regression
task (facial landmark localization) simultaneously, each output branch is optimized using a task-specific loss
function within a weighted multitask objective. The landmark localization branch was assigned a weight of 0.8,
whereas the facial view classification branch was assigned a weight of 0.2, prioritizing the primary regression
task during joint optimization.

Facial view classification was formulated as a binary classification problem, where Class 0 corresponds to
frontal facial views and Class 1 to lateral views. This branch was optimized using the Binary Cross-Entropy
(BCE) loss function, defined as

Where y and y denote the ground-truth and predicted class label, respectively.

In contrast, facial landmark localization was formulated as a regression problem and optimized using a masked
version of the Huber loss (Akhtar et al., 2024) (Masked Huber Loss). Since lateral facial images only contain
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43 visible landmarks, the remaining landmarks (44-73) are naturally absent due to self-occlusion.
Consequently, the corresponding annotations in the original dataset are stored as NaN values.

Rather than removing these samples or forcing artificial target values, all missing landmark coordinates were
temporarily replaced with -1 and subsequently ignored through a binary visibility mask during loss
computation. This strategy prevents the network from being penalized for predicting coordinates associated
with non-visible facial landmarks, allowing the optimization process to focus exclusively on valid landmark
annotations. As a result, the regression branch learns only from visible facial structures while naturally handling
landmark self-occlusion.

Let y; and 7, denote the ground-thruth and predicted coordinates of the i-th landmark, respectively, and ley
m; € {0,1} represent the corresponding visibility mask, where 1 indicates a visible landmark and 0 denotes an
occluded landmark. The visibility mask is defined as

(1, siy;# -1
m={o wyo1 ®
The absolute prediction error is computed as
e =9 —yil (4)
The Hubber loss is then defined as
3 2, sie <6,
Ly(e) = 5 ®)

5(81'—5) Sl'e,: > 6.

Where § = 0.05 is the transition threshold between the quadratic and linear penalty regions.

Finally, the Masked Huber loss is obtained by considering only the visible landmarks and normalizing the
accumulated loss by the number of valid landmark coordinates, To prevent numerical instability when no valid
landmark annotations are available, the denominator is replaced by

N
max m;, 1| (7)
(2"

2.4.2 Evaluation metrics

Since the proposed multitask network addresses both facial landmark localization and facial view
classification, different evaluation metrics were used to assess each task’s performance. The landmark
localization task was evaluated using Mean Absolute Error (MAE), which measures the average absolute
difference between predicted and ground-truth landmark coordinates (Foster, 2022). The MAE is defined as

N
1
MAE ZNZ yi-9l ®

Where N denotes the total number of evaluated landmark coordinates, y; is the ground truth value and,
y, is the corresponding prediction.

The performance of the facial view classification branch was analyzed using a confusion matrix (Reschka et
al., 2022), which summarizes the classification outcomes in terms of correctly and incorrectly predicted
samples. For the binary classification problem considered in this work, Class 0 corresponds to frontal facial
views, whereas Class 1 represents lateral facial views, as illustrated in Figure 4.
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True
Positives

True
Negatives

Figure 4. Confusion matrix structure.
Source: Own work.

From the confusion matrix, the overall classification accuracy was computed as

P ~ TP + TN
CCUracy =Tp TN + FP + FN

€))

Where TP, TN, FP and FN denote the number of true positives, true negatives, false positives, and false
negatives, respectively.

2.5 Geometric-based head pitch estimation

The multitask network predicts facial landmarks that provide the geometric information necessary to estimate
head pitch from thermal facial images. Since frontal and lateral views of the face exhibit different landmark
configurations due to self-occlusion, two complementary geometric formulations were developed according to
the estimated facial orientation, as illustrated in Fig. 5.

*1 Righteye. Rg
o2 Lefteye. Lg
3 Nose tip. N

o4 Leftlabial commissure. Ly

o5 Rightlabial commissure. Ry

e6 Visible eye. 0
o7 Lateralnose tip. N,
*8 Lateral mouth center. B

Figure 5. Keypoints used to estimate descriptors. a) Frontal keypoints, b) Lateral keypoints.
Source: Adapted from Charlotte-ThermalFace (Ashrdfi et al., 2022).

Instead of directly regressing head pose angles, the proposed approach computes geometry-based pitch
descriptors from the spatial relationships among facial landmarks. This strategy allows the estimation process
to adapt to the subset of visible landmarks in each view while remaining robust to changes in facial scale and
image resolution. All descriptors are formulated as ratios of Euclidean distances between anatomically
meaningful landmarks to provide scale-invariant measurements of head pitch.

2.5.1 Frontal pitch Descriptor

For frontal facial views, the proposed descriptor is based on the observation that vertical head movements
alter the distances between the eyes, nose, and mouth. As the head rotates upward or downward (pitch
motion), the vertical facial proportions change while the anatomical relationships remain the same. Thus, the
proposed descriptor estimates head pitch by analyzing the geometric configuration of these facial landmarks.
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The frontal pitch descriptor (FPD) is computed using the landmarks illustrated in Figure 5(a). First, the centers
of the eyes and mouth are obtained.

€ ===~ (10)

Cu === (1)

Where L; and Ry denote the left and right eye coordinates, respectively, while L,,, R,, correspond to the left
and right mouth corners. Consequently, C, C,, represent the centers of the eyes and mouth. The magnitude
of the proposed frontal pitch descriptor is defined as the ratio between the distance from eye center to the
nose and the distance from the nose to the mouth center,

dgy = ||CE_N|| (12)
dym = ||N_CM|| (13)

d
FPD =22 (14)
dNM

Using a distance ratio instead of absolute distances makes the descriptor independent of facial scale and
image resolution. A normalized Pitch Direction Indicator (PDI) is introduced to determine the direction of the
pitch motion. First, the distance between the centers of the eyes and mouth is computed as

dgy = ||CE - CM|| (15)

The normalized direction indicator is then defined as

» _yCE +yCy
PDI; = (16)

dEM

Where yy, yC, and yC,, denote the vertical coordinate of the nose, eye center, and mouth center, respectively.
The numerator resents the vertical displacement of the nose with respect to the midpoint of the eye-mouth
axis, whereas normalization by d,, makes the descriptor invariant to facial size. Negative values of the PDI
indicate an upward head inclination, values close to zero correspond to a neutral pose, and positive values
indicate a downward head inclination.

2.5.2 Lateral pitch Descriptor

In lateral facial views (Figure 5(b)), only one eye is typically visible due to facial self-occlusion. To overcome
this limitation, a second geometric descriptor was formulated using only the landmarks that remain consistently
visible in lateral views. The proposed Lateral Pitch Descriptor (LPD) is computed using the visible eye, nose,
and center of the mouth. Similar to the frontal formulation, the LPD is based on the observation that the relative
distances among these landmarks change when the head is tilted upward or downward. The corresponding
Euclidean distances are defined as,

doy = ||0_N|| a7

dyg = ||N_B|| (18)

Where 0 denotes the coordinates of the visible eye, N corresponds to the nose tip, and B represents the
center of the mouth. The magnitude of the LPD is then obtained as,
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d
LPD ==Y (19)
dNB

As in the frontal case, using a distance ratio makes the descriptor independent of facial scale and image
resolution. To determine the direction of pitch motion in lateral views, the Pitch Direction Indicator (PDI) is
defined as

dop = ||0_B|| (20)

0 +yB
yN_iy Y

N2 (21

PDI, = y
OB

Where yy, y0, and yB denote the vertical coordinates of the nose, visible eye, and mouth center, respectively.
Similar to the frontal descriptor, negative PDI, values indicate an upward head inclination, values close to zero
correspond to a neutral pose, and positive values indicate a downward head inclination.

Results

3.1 Landmark estimations

The performance of the facial landmark localization task was evaluated using the MAE, since this metric
expresses the average localization error in the same units as the input image (pixels), providing an intuitive
measure of the discrepancy between the predicted landmark positions and the corresponding ground-truth
annotations. Table 2 summarizes the average MAE obtained on the training, validation, and test sets.

Table 2. Model performance in the landmark estimation task.

Metric Train Validation Test

MAE (pixels) 5.4739 7.6895 8.5052

As shown in the table, the proposed network achieved an average MAE of approximately 9 pixels on the test
set. Although this result indicates the presence of localization errors relative to the manual annotations, the
predicted landmarks preserve the overall facial geometry and the spatial relationships among key facial
structures. Consequently, the estimated landmarks provide sufficient geometric information for computing the
proposed head pitch descriptors. Representative examples comparing the ground-truth and predicted facial
landmarks on the test set are presented in Figure 6.

Prediction Ground Truth
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Figure 6. Comparison between estimated (left) and true (right) landmarks.
Source: Adapted from Charlotte-ThermalFace (Ashrdfi et al., 2022).

3.2 Facial view classification

The performance of the facial view classification Branch was evaluated using a confusion matrix computed on
the test set (Figure 7).

Confusion Matrix Visualization

Actual Labels
Frontal

Lateral

Froﬁtal Lateral
Predicted Labels

Figure 7. Confusion matrix results.
Source: Own work

The matrix shows that the multitask network successfully distinguishes between frontal and lateral views in
most of the evaluated images, achieving 87% overall classification accuracy. This result shows that the shared
feature representation can capture global geometric characteristics associated with facial orientation. It should
be noted that the facial view labels were derived directly from the annotations provided in the Charlotte-
ThermalFace Dataset. Images containing 73 annotated landmarks were assigned to the frontal-view class,
whereas images with 43 annotated landmarks were labeled as lateral views, reflecting the landmark self-
occlusion produced by head rotation. Most classification errors occurred in images exhibiting intermediate
head rotations between frontal and lateral views. While these images retain the frontal-view label in the original
dataset, the gradual loss of facial symmetry and partial self-occlusion of landmarks make them appear closer
to lateral views. Consequently, the network tends to classify these ambiguous samples as lateral views. This
suggests that some apparent misclassifications may actually arise from the dataset's discrete labeling strategy
rather than from incorrect feature learning.

3.3 Head pitch descriptors results

The proposed head pitch descriptors were evaluated on the test set using the facial landmarks predicted by
the multitask network, along with the estimated facial view. According to the predicted facial orientation, the
corresponding geometric formulation (FPD/PFI, or LPD/PDI,) was applied to each image. Figure 8 shows
representative descriptor values obtained under different head pitch conditions.
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Figure 8. Behavior of pitch-related descriptors. a) Lateral descriptor (LPD), b) lateral direction indicator (PD1,), c) Frontal descriptor (FPD), d) frontal
direction indicator (PDIp).
Source: Own work.

As shown in Figure 8, both FPD and LPD exhibit an increasing trend as the head rotates downward.
Conversely, lower descriptor values are associated with upward head inclinations, while intermediate values
correspond to near-neutral head poses. This behavior indicates that both descriptors successfully capture the
geometric changes produced by pitch motion despite relying on different subsets of facial landmarks. Similarly,
the proposed Pitch Direction Indicators (PDI. and PDI,) offer additional information about the direction of head
movement. Negative values were consistently associated with upward head inclinations; values close to zero
corresponded to neutral poses; and positive values indicated downward head rotations. Since both descriptors
are normalized by facial distances, they are independent of facial scale and image resolution. This allows for
consistent interpretation across different subjects.

Conclusions

This study presents a geometry-based framework for estimating head pitch from thermal facial images. This
framework uses landmarks predicted by a multitask convolutional neural network. Unlike conventional
approaches, which directly regress head pose angles, the proposed methodology estimates pitch using two
geometric descriptors designed specifically for frontal and lateral facial views. This strategy allows the pitch
estimation process to adapt to visible facial landmarks and naturally handle landmark self-occlusion. The
multitask architecture efficiently predicts facial landmarks and the required facial view to automatically select
the appropriate geometric descriptor. Although facial view classification is an auxiliary task, it allows both
outputs to be integrated into a unified pipeline for estimating head pitch without requiring separate models or
explicit landmark completion. The experimental results demonstrate that the proposed descriptors consistently
behave the same way under different head-tilt conditions. This behavior provides complementary information
that could be incorporated into driver monitoring systems as an additional feature for assessing fatigue or
inattention. Despite the results, the accuracy of the proposed descriptors depends directly on the quality of
the landmark localization and facial view classification. Consequently, localization errors or incorrect facial
view predictions may propagate to the descriptor computation. Additionally, the evaluation was conducted
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using a single thermal facial dataset with a limited number of participants, which may restrict the
generalizability of the proposed methodology.

Future work will focus on improving facial landmark localization with more specialized deep learning
architectures and incorporating normalized evaluation metrics, such as Normalized Mean Error (NME). This
work will also involve validating the proposed descriptors on additional thermal facial datasets and integrating
them into complete driver fatigue monitoring systems.
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