Journal of Soft Computing and Computer Applications

Manuscript 1029

A Comprehensive Review of 1D Deep Learning Approaches in

Facial Analysis: Face Recognition, Landmark Detection, and Mesh
Modeling

Duaa J. Al Hammami

Rehab F. Hassan

Follow this and additional works at: https://jscca.uotechnology.edu.ig/jscca

6‘ Part of the Computer Engineering Commons, and the Computer Sciences Commons

The journal in which this article appears is hosted on Digital Commons, an Elsevier platform.


https://jscca.uotechnology.edu.iq/jscca
https://jscca.uotechnology.edu.iq/jscca?utm_source=jscca.uotechnology.edu.iq%2Fjscca%2Fvol3%2Fiss1%2F4&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/258?utm_source=jscca.uotechnology.edu.iq%2Fjscca%2Fvol3%2Fiss1%2F4&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/142?utm_source=jscca.uotechnology.edu.iq%2Fjscca%2Fvol3%2Fiss1%2F4&utm_medium=PDF&utm_campaign=PDFCoverPages
https://www.elsevier.com/products/digital-commons

JOURNAL OF SOFT COMPUTING AND COMPUTER APPLICATIONS 2026;3:1029

[=];
Scan the QR to view

-
the full-text article on

the journal website

REVIEW

A Comprehensive Review of 1D Deep
Learning Approaches in Facial Analysis:
Face Recognition, Landmark Detection,
and Mesh Modeling

Duaa J. Al Hammami® #* Rehab F. Hassan® °

@ University of Technology-Iraq, College of Computer Science, Al-Sina’a St., Al-Wehda District, 10066 Baghdad,
Iraq

b University of Technology-Iraq, College of Computer Science, Department of Information Systems, Al-Sina’a St.,
Al-Wehda District, 10066 Baghdad, Iraq

ABSTRACT

Facial Analysis has progressed rapidly with deep learning and its 2D image-based models,
especially Convolutional Neural Networks (CNNs), which have been the most popular methods. In
recent years, 1D deep learning models have gained traction in the search for efficient solutions for
face recognition, facial landmark detection, and 3D face mesh modeling. 1D models encode the fa-
cial structure as sequences, curves, or temporal signals, resulting in high computational efficiency,
a small memory footprint, and good interpretability, making them well-suited for real-time and
edge devices. This review is a step-by-step, organized exploration of 1D deep learning analysis
of the face, its strengths and weaknesses, and the implementation trade-offs. A comprehensive
classification of 1D facial representations has been proposed, along with evaluations of core
architectures, comparisons with standardized benchmarks, and an overview of deployment in
the field, demographic fairness, and privacy. Finally, a new unified evaluation framework has
been suggested to provide a fair and replicable benchmark of 1D facial analysis models.

Keywords: Face recognition, Facial landmark detection, Face mesh modeling, 1D deep learning,
Edge Al

1. Introduction

Facial analysis is so critical to contemporary computer vision that it can be used for
identity verification, human—computer interaction, augmented reality, and surveillance
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systems [1-11]. However, to date, facial analysis has been performed through 2D image-
based Convolutional Neural Networks (CNNs), models that directly determine hierarchical
spatial features from pixel data. Although they are highly accurate, they often introduce
millions of parameters. They are computationally expensive, which prevents their use in
solving real-time or resource-constrained problems, such as on mobile and edge devices
[12, 13]. In response to this trend, some recent research has explored a shift towards 1D
deep learning paradigms, where we encode facial information as ordered sequences, which
are sometimes the more popular approach, e.g., landmark trajectories, temporal embed-
ding vectors, or parametric curves. This version reduces dimensionality while preserving
critical geometric and temporal properties of the data. Thus, 1D models are more efficient,
interpretable, and intuitive for video-based analysis [14-21] than other two-dimensional
models.

The current review focuses on three critical facial analysis challenges where 1D deep
learning has proven increasingly useful: face recognition, facial landmark detection,
and face mesh/3D reconstruction. While previous literature has emphasized 2D or 3D
paradigms more, this work provides a task-oriented and critical investigation and indicates
the strengths and weaknesses of 1D methods. Unified taxonomy classifies 1D approaches
based on signal type (curve-based, embedding sequences, spectral); a critical comparison
of accuracy and time of implementation, as well as the models’ accuracy, efficiency,
robustness, and deployability; examples from the real world (e.g., MediaPipe, OpenFace)
and ethical considerations (such as demographic bias and privacy) are introduced.

We organize this work in order, following Section 2 (which describes the evolution of
facial analysis techniques and why the 2D pipeline has been replaced by compact 1D
modeling). Section 3 covers the typical classes of 1D facial representations (e.g., land-
mark/curve encodings, embedding sequences, and spectral signals), and Section 4 presents
foundational architectures for 1D deep learning based on those representations. Sections 5
to 7 then present a task-oriented overview of 1D methods in face recognition, facial
landmark detection, and face mesh/3D reconstruction, outlining performance-efficiency
trade-offs and practical deployment considerations. Section 8 discusses datasets, evaluation
metrics, reproducibility issues, and open challenges, as well as ethical considerations and
future research opportunities. Finally, Section 9 presents the paper’s conclusion and key
findings.

2. Evolution of facial analysis techniques

From handcrafted feature extraction methods to data-driven deep learning representa-
tions, facial analysis has come a long way:

2.1. From two-dimensional to one-dimensional paradigms

In this section, we outline this evolution, highlighting the significant methodologi-
cal changes to contemporary 1D facial modeling approaches, from Two-Dimensional to
One-Dimensional Paradigms. To that end, early approaches were based on descriptive
methods, which were computationally inexpensive but not robust (e.g., Local Binary
Patterns (LBP) and Active Shape Models (ASM) [22, 23]). Following the deep learning
revolution, CNN-based systems were adopted, such as DeepFace [24], FaceNet [25], and
Multi-Task Cascaded Convolutional Networks (MTCNN) [26], which demonstrated perfor-
mance similar to that of humans but at increased computational costs [27]. Using large
annotated datasets such as Labeled Faces in the Wild (LFW) [28] and CelebFaces Attributes
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(CelebA) [29], the transition to 1D modeling indicates a shift in perspective, not simply
a dimensionality reduction. Modeling may use signal-processing and temporal modeling
methods to represent facial features in the order of recognition to improve inference and
increase stability in dynamic applications [30, 31]. Four significant enablers underpin this
paradigm switch:

Reduced computational cost: 1D feature size reduces the parameters in the model and
FLOPS.

Interpretability: 1D signals are easier to understand and debug than dense 2D feature
maps.

Temporal handling: native to its structure to model the dynamic time series of facial
images.

Edge deployments: compatible for use under low power, such as smartphones and AR
devices.

1D models are often described as inherently more efficient than 2D CNNs, which encode
2D data; they operate on only 1 axis (often time or length), which is the axis of a sequential
representation. As an example, a 1D CNN with kernel size k connected to a sequence of
length T has computational complexity and is determined using the equation:

O (k-T-C?) €y

where C is the number of channels.
Compared to:

0 (k> H-W-C?) )

where H and W are the image’s height and width.
for a 2D CNN on an H x W image. This difference becomes significant when H - W > T,
as is often the case in compressed facial representations.

2.2. Deep learning revolution and its limitations

Face analysis had not used deep learning extensively before, as features including
Local Ternary Pattern (LTP) [32], HOG [33], and ASM [34] were handcrafted. While
computationally efficient, these methods could not address lighting, pose, or occlusion.
The major achievement was AlexNet [35], which showcased the capabilities of deep CNNs
in image classification. This success ushered in a new era of facial analysis innovation:

- DeepFace (2014): Based on a deep CNN architecture, it achieved near-human accuracy
in face verification [24].

- FaceNet (2015): Launched triplet loss for learning compact, discriminative face embed-
dings [25].

- MTCNN (2016): Integrated detection and alignment into one framework [26].

While they have achieved high success, such models have relatively high memory
consumption, slow inference times, and limited interpretability. DeepFace uses a deep CNN
architecture with a 3D alignment stage and roughly 100-120 million parameters, resulting
in high computational and memory consumption. FaceNet employs a 128-dimensional
embedding but suffers from a 22-layer CNN backbone and more than 120 million pa-
rameters, making real-time deployment on mobile devices difficult without substantial
compression. Conversely, MTCNN is a 3-stage cascaded CNN (Proposal Network (P-Net),
Refine Network (R-Net), and Output Network (O-Net)) with a total parameter count of
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approximately 1-2 million parameters, and the sequential execution of inference increases
the time to inference, increasing process times considerably in real time and large-scale
video processing scenarios [24-26].

In recent years, there has also been a trend in the literature of reconsidering facial feature
representation: how to represent data beyond just raw pixels. This work entails consider-
ing facial landmarks as ordered sequences, embedding vectors as temporal signals [26],
and parametric curve fitting in contour-based modeling [36]. These 1D methods present
attractive alternatives, especially for low-power applications or real-time applications.

2.3. Transition to one-dimensional-based facial analysis

This process of moving toward 1D modeling itself, then, is not simply a technical
optimization but a strategic shift towards data efficiency and interpretability. Researchers
can also use tools for signal processing, time-series analysis, and sequence modeling on
facial data by interpreting the facial features as signals. As a case in point, facial landmarks
(traditionally regressed as 2D coordinates) can be structured by anatomical connectivity
(jawline — left eyebrow — nose — mouth) into a sequence. This sequence can then be
processed for such tasks using 1D CNNs or Recurrent Neural Networks (RNNs), providing
local smoothing, temporal consistency, and dynamic modeling. Furthermore, embedding
sequences (i.e., face embeddings formed from successive video frames to form a time series)
can perform identity verification with time, occlusion, and expression tracking. This is
important for surveillance and AR applications, as it is especially useful for robustness in
partial visibility. Table 1 enumerates the drivers of facial analysis [23, 26, 36]:

Table 1. Transition to one-dimensional factors.

Factor Description
Efficiency 1D models reduce parameter count and memory footprint
Interpretability Easier to visualize and debug compared to dense 2D feature maps

Temporal Handling  Naturally suited for video and dynamic facial behavior
Edge Deployment Enables lightweight architectures for mobile and Internet of Thing (IoT)

2.4. Role of benchmarking and datasets

The development of benchmarks is closely involved in the evolution of facial analysis
[37]. Some key datasets include:

- LFW: a face recognition dataset in unconstrained settings [28].

- CelebA is a large-scale dataset with facial attributes [29].

- Annotated Facial Landmarks in the Wild (AFLW), Caltech Occluded Face in the Wild
(COFW), and 300 Faces in the Wild (300W) are also common for facial landmark
detection [38-40].

- For 3D facial analysis and mesh modeling, the BIWI Kinect head pose database and
Menpo are combined [41].

New benchmarks for sequential or compressed facial data, which have emerged since 1D
approaches became mature, also continue to provide avenues for further research in this
direction. However, the lack of standard benchmarks for 1D facial sequence processing in
this area is a major limitation. Most evaluations have specific tasks and lack comparability
across different methods. We therefore have no choice but to set forth benchmarks specific
to 1D facial signal processing in future work, including measures of temporal smoothness,
embedding stability, and curve fidelity [36].
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3. One-dimensional representations of facial data

3.1. Introduction to one-dimensional facial data representation

For facial analyses, 1D representations encode facial parts as ordered sequences, curves,
or temporal signals, rather than treating the human face as a full-resolution 2D image.
This is mathematically described as a mapping from a 2D image (I € R"*Y) to a 1D
signal (x € RT), where (T « H. W), which has been increasingly adopted to minimize
computational effort, without losing valuable structural and temporal details regarding the
face [42, 43]. Unlike conventional 2D convolutional models, which handle pixel grids, 1D
deep learning algorithms, i.e., 1D CNNs, RNNs, and Transformers, treat sequences of data
points. These can be: sequences of facial landmarks, time-series embeddings from video
frames, parametric curves describing facial contours, and spectral or frequency-domain
transformations of face geometry. Each offers trade-offs in compactness, robustness, and
computational efficiency [43].

3.2. Trade-offs between representations

Curve-based representations are compact and interpretable, making them suitable for
real-time AR and tracking. Spectral methods offer robustness to noise and pose variation
but may lose fine geometric detail. Embedding sequences provide high discriminative
power for recognition tasks but depend on the quality of the base embedding extractor.

3.3. Curve-based encoding of facial geometry

One of the earliest forms of 1D facial representation involves parametric curve fitting
of facial contours. In this approach, key facial components such as the jawline, eyebrows,
eyes, nose, and mouth are represented using mathematical curves (e.g., B-splines, Bezier
curves, or Fourier descriptors) [44]. Given a set of N landmark points {p; = (x;, y)}"i =1,
a B-spline curve C(t) is defined as [44, 45]:

N
Ct)=Y) pBix(t) (3)

i=1

where B; i(t) are basis functions of degree k. The control points p; form a 1D sequence that
can be processed by 1D CNNs or RNNs.

This approach is compact requiring only 2N values and interpretable, as each point
corresponds to an anatomical location. It has been used in low-power facial tracking [45]
and 3D reconstruction from sparse points [46]. However, curve fitting requires accurate
preprocessing, such as landmark detection or contour segmentation, which can fail under
occlusion or poor lighting. Moreover, the ordering of points must be consistent across
samples, necessitating canonical indexing schemes [45].

3.4. Embedding sequences and temporal modeling

With the increasing use of embedding-based face recognition systems, e.g., FaceNet
[25] and ArcFace [47], there is growing interest in treating identity signatures as sequen-
tial data. For example, in video-based face recognition, face embeddings are extracted
frame-by-frame from a time series [48]. E = {et}T_ ;, where ¢ € RY is a d-dimensional
embedding, say, from FaceNet. This sequence can be modeled as a stochastic process, with
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identity deduced from its temporal dynamics. The example-based network analysis of the
series is modeled as [48]:

ht - LSTM (et, ht—l) (4)

where h, is the hidden state. The final state h; can be used for classification or averaged to
improve robustness.

By allowing a model to recognize individuals from partial or compromised data, this
enables cross-modal recognition (e.g., thermal-to-visible [49] and partial-face matching
[50D). Still, the performance of such an approach is heavily dependent on the quality of
the embedding model, and applying temporal smoothing may obscure sudden changes in
identity [49].

3.5. Spectral and frequency-domain methods

Another emerging trend in 1D facial analysis involves transforming spatial facial data
into the frequency domain using techniques such as the Fourier Transform (FT) [51], the
Wavelet Transform (WT) [52], and Principal Component Analysis (PCA) projections [53].
For a facial contour x(t), the Fourier descriptor is [51]:

X (f) =[x (@) e 2t dt 5)

The magnitude |X(f)| gives a rotation-invariant representation, useful for recognition
under pose variation [51]. On the other hand, wavelet coefficients provide multi-resolution
analysis that can capture both global shape and local details [52]. The coefficients can
be structured as a 1D sequence and processed by 1D CNNs. Spectral methods are noise-
resistant and efficient, but are also known to lose even finer spatial details such as those
obtained at high frequencies. Careful choice of basic functions and truncation thresholds
is very important.

3.6. Comparative analysis of one-dimensional representations

Table 2 shows the comparison analysis of 1D facial representations in terms of dimen-
sionality, robustness, and computational cost.

As N is the number of dimensions, d is the dimension, and T is the timestamp. Based
on the data in Table 2, curve-based representations offer the lowest dimensionality at low
computational cost; hence, they are feasible for real-time geometric tasks such as landmark
smoothing and 3D reconstruction. Embedding sequences and spectral representations for
dynamic recognition are more robust at the cost of increased dimensionality or transfor-
mation costs.

Table 2. Comparison of 1D facial representations.

Representation Dimensionality Robustness  Computational Cost  Use Case
Curve-Based Low (2N) Medium Low Landmark smoothing, 3D
reconstruction
Embedding Medium (d. T) High Medium Video recognition,
Sequences identity tracking
Spectral/ Low (truncated) High Medium (transform  Expression recognition,

Frequency cost) compression
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From 2D Image to 1D Signal

Original Extracted Curve-fitted
face image facial landmarks 1D signal

Fig. 1. From 2D image to 1D signal.
3.7 Visualizing one-dimensional facial data

Visualizations are used to explain and interpret facial features as data and to represent
the translation of facial features into these 1D aspects. For example, we show how a 2D
facial image can be converted into feature vectors in Fig. 1. In contrast, Fig. 2 shows
the temporal evolution of facial embeddings, including a line plot that highlights the
change in an embedding vector over video frames, illustrating stability vs. variability as the
expression varies. These two figures illustrate how complex facial information is reduced
to plain yet meaningful 1D signals.

4. One-dimensional deep learning architectures

4.1. One-dimensional convolutional neural networks

1D CNNs apply convolution along the temporal or sequence axis. Given an input se-
quence x € RT*¢, a 1D convolution with kernel W € Rk*¢*C¢" computes [54]:

k-1

Yo=Y WiXi+b (6)
i=0

where b is the bias value.

This operation extracts local patterns in landmark sequences or embedding trajectories.
1D CNNs are fast, interpretable, and lightweight, making them ideal for edge deployment.
For example, a 1D CNN with 3 layers and 64 filters per layer has only ~150K parameters,
compared to ~1.5M for a comparable 2D CNN. Inference latency on a mobile Graphic
Processing Unit (GPU) can be under 5 ms. However, 1D CNNs have limited receptive field,
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Fig. 2. Temporal evolution of facial embeddings.
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Fig. 3. General structure of 1D-CNN.

making them less effective for long-range dependencies. Dilated convolutions can mitigate
this, but increase complexity. Fig. 3 shows the general structure of a 1D-CNN [54].

4.2. Recurrent neural networks and long short-term memory

RNNs model sequences using hidden states that evolve. Fig. 4 shows the LSTM variant
addresses vanishing gradients with gating mechanisms [54, 55].
These gates are [54, 55]:

1. Forget Gate: The information that is no longer useful in the cell state is removed with
the forget gate. The equation for the forget gate is:

ft :U(Wf [htfl,xt]‘i‘bf) (7)
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Fig. 4. The general structure of LSTM [56].

where: Wyrepresents the weight matrix associated with the forget gate, [h;_1,x;] denotes
the concatenation of the current input and the previous hidden state, byis the bias with
the forget gate, and o is the sigmoid activation function.

2. Input Gate: The addition of useful information to the cell state is done by the input
gate. The equations for the input gate are:

it == U(Wl . [ht—l’ Xt] + bl) (8)

ét == tanh (WC . [ht—19 xt] + bc) (9)

3. Output Gate: The output gate is responsible for deciding what part of the current cell
state should be sent as the hidden state (output) for this time step. This is done using
the previous hidden state h;_; and the current input x;:

O =0 (Wo [htfla xt] + bo) (10)

Next, the current cell state C; is passed through a tanh activation to scale its values
between —1 and +1. Finally, this transformed cell state is multiplied element-wise with o,
to produce the hidden state h;:

h; = o; © tanh (c;) an

where o, is the output gate activation, C, is the current cell state, © represents element-wise
multiplication, and o is the sigmoid activation function.

This hidden state h; is then passed to the next time step and can also be used for
generating the output of the network.

LSTMs excel in dynamic expression recognition [54] and temporal smoothing [55],
where long-term context is crucial. However, they are computationally expensive, with
sequential processing limiting parallelization. Training is also unstable without careful
initialization [54, 55].
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4.3. Transformers for one-dimensional facial sequences

Transformers use self-attention to model global dependencies as shown in following
formula [56]:

T
Attention (Q,K,V) = softmax <%> 1% 12)

Jd

where Q, K, and V are query, key, and value matrices derived from input embeddings,
positional encodings preserve sequence order, and dy is the dimension of the key vectors
(and also the query vectors).

Transformers achieve high accuracy in identity verification [56] and cross-modal match-
ing [49], but require significant memory and FLOPS. A 6-layer transformer with 512
dimensions can exceed 20M parameters, making edge deployment challenging without
quantization. Fig. 5 shows the architecture of a transformer encoding block [56].

Embedded
Patches

Multi-Head | la
% D t
- Attention r i N

MLP —>€l-> Dropout >

Fig. 5. The architecture of a transformer encoding block.

4.4. Hybrid architectures

Hybrid models integrate parts of 2D and 1D. For example:

» MediaPipe Face Mesh: 2D CNN for landmark detection — 1D LSTM for temporal
smoothing [57].
» OpenFace 2.0: 2D alignment — 1D RNN for expression dynamics [58].

These models leverage 2D model accuracy and 1D post-processing efficiency, achieving
real-time performance on mobile devices [57]. A comparison of 1D architectures for face
recognition is shown in Table 3.

Lightweight 1D CNN models have the lowest latency and minimal parameter count,
making them especially suitable for real-time landmark smoothing on edge devices.
Transformer-based models achieve higher recognition accuracy at the cost of greater

Table 3. Comparative evaluation of 1D architectures on face recognition (LFW dataset, mobile GPU).

Model Datasets Parameters (M) Latency (ms) Accuracy (%) Use Case

1D CNN [54] 300 W, 300 Video in 0.15 4.2 92.1 Landmark smoothing
Wild (300 VW)

LSTM [56] Extended Cohn-Kanade 2.1 18.5 94.3 Expression tracking
(CK+), Oulu-CASIA,
300 VW

Transformer [58] LFW, IARPA Janus 20.3 35.7 96.8 Identity verification
Benchmark-A (1JB-A)

Hybrid (2D+1D) MediaPipe internal 3.2 12.1 95.6 Real-time AR

[57, 58] data, 300 VW
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computational resources. By contrast, hybrid 2D-1D architectures achieve well-balanced
accuracy with sufficient efficiency to be practical.

5. Applications in face recognition

Face recognition has been one of the most widely studied tasks in computer vision, with
applications in security, identity verification, and human-computer interaction. Some of
these are:

1.

Identity Verification Using One-Dimensional Embedding Sequences: Modern
face recognition systems often represent faces as high-dimensional embedding vec-
tors, e.g., FaceNet [25] and ArcFace [47]. In dynamic settings such as video
surveillance or AR filters, these embeddings are extracted per frame and form a
sequence over time [57].

. Occlusion Handling and Partial Face Matching: 1D models are particularly well-

suited for partial or degraded faces. Because partial landmarks or sparse embeddings
can be modeled as sequences, models can learn to identify identities from relatively
limited facial features, such as curve-based representations that enable matching
based on jawline or eye contours alone [59], as well as spectral decomposition
that enables recognition from compressed or low-resolution facial signals [60]. The
aforementioned have a significant benefit in realistic environments, even when one
cannot ensure complete facial visibility [61].

Face recognition based on cross-modal information: Moreover, the 1D deep learn-
ing model also enables cross-modal recognition, allowing the identity to be inferred
across multiple imaging domains, such as the thermal and visible spectra. These
data can be aligned using attention mechanisms or domain adaptation techniques,
which could make embedding sequences from different modalities perform robustly
in low-light or nighttime environments [49].

Application of Edge AI and Real-Time Deployment: 1D architectures are
well-suited for edge deployments owing to their lower computational footprint.
Lightweight 1D CNNs, quantized LSTMs, and mobile transformers enable fast, power-
efficient face recognition on smartphones, AR glasses, and IoT devices [62].

. Real-World Case Study: One example from real-world deployment is the successful

implementation of 1D, such as Google’s MediaPipe face mesh. A 2D detector outputs
468 landmarks in a 1D sequence, while an LSTM with a lightweight approach smooths
out the data. This pipeline runs at 45 frames per second (FPS) on the iPhone 12 for
real-time AR filters (with <2-pixel jitter), demonstrating yet again the viability of 1D
post-processing for consumer applications [57].

Video Challenges: The challenge over long durations remains that identity con-
sistency in large-scale video-based face recognition systems is hard to meet due
to appearance changes, occlusions, and temporal drift. Further difficulties include
scalability to live video streams, memory constraints, and the accumulation of errors,
which can degrade recognition performance over time [62].

6. Landmark detection using one-dimensional models

Facial landmark detection, or face alignment, is an important challenge: matching
anatomical landmarks of interest for facial expression, including the eye corners, nose
tip, and mouth contours. Traditionally, this has already been accomplished through 2D
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heatmap regression and direct coordinate prediction by convolutional networks such as
Hourglass [63] or the High-Resolution Network (HRNet) [64]. While computationally
expensive, they are memory-bandwidth expensive, which hampers their application on
edge devices [64]. The paradigm shift toward 1D modeling changes landmarks from pixel
coordinates to ordered sequences of (%, y) pairs, enabling processing by sequence-based
architectures. In video applications, this technique leverages the topological connectivity
of facial features (jawline forming a continuous curve, eyebrows following a smooth arc)
to maintain geometric uniformity and temporal smoothness [57, 63].

6.1. Sequence-based landmark regression
Facial landmarks in 1D deep learning are depicted as a vector sequence:

L= (x y))y, (13)

Where N is the number of points, such as 68 in 300 W [40] and 468 in MediaPipe [57], an
anatomical order to such sequences is used, for example, starting with the chin, followed
by the jawline, left eyebrow, right eyebrow, nose, and mouth [57]. This ordering makes it
possible to model the coherence of local as well as global structures using 1D CNNs, RNNs,
and Transformers [54].

- 1D CNNs apply filters across neighboring landmarks to smooth predictions and reduce
jitter. For example, a 1D convolution with kernel size k = 3 computes [55]:

i+1
j=i-1

where w is the weight of the j® landmark, b is the bias value, p;e R2 is the coordinate of
the j® landmark, and R2 is the dimension.
This operation acts as a spatial low-pass filter, suppressing noise while preserving shape.

- LSTMs/Gated Recurrent Units (GRUs) model long-range dependencies across the face.
For instance, the shape of the mouth can inform the position of the cheeks, and vice
versa. An LSTM processes the sequence as [55]:

hi =LSTM (pi, hi—l) (15)

where p; is the coordinate of the i landmark, and h is the hidden layer.
where p; € R2 is the coordinate of the j landmark. This operation acts as a spatial low-pass
filter, suppressing noise while preserving shape.

- Transformers treat each landmark as a “token” and use self-attention to model pairwise
relationships [56]:

T
Attention (Q, K, V) = softmax <QK ) 74 (16)

Jd

where Q, K, V € RV~ is derived from landmark embeddings and dy is the dimension of
the key vectors (and also the query vectors).

This allows the model to learn symmetry constraints (e.g., left vs. right eye) and ar-
ticulated motion (e.g., mouth opening). A key advantage of sequence-based regression
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is interpretability, errors can be localized to specific regions, e.g., “mouth jitter” and
corrected via targeted architectural changes.

6.2. Temporal smoothing in video sequences

One of the most compelling applications of 1D models is temporal smoothing in video-
based landmark tracking. Raw per-frame predictions from 2D detectors often exhibit jitter
due to noise, motion blur, or occlusion. 1D RNNs and Transformers can enforce temporal
consistency by modeling the evolution of landmark positions over time [56, 571].

Let L, = {p;, i}; -1V be the landmark sequence at frame t. A bidirectional LSTM can
process the sequence forward and backward [57]:

h = LSTM; (xt, ht__:) B = LSTM, <xt, f@) . whereh, = [hﬁ; (E] a7

The forward and backward outputs of the LSTM units are (EZ) and (E), and we combine
them to produce (h;), which captures both past and future context. Thus, such a strategy
can reduce the inter-frame variance by up to 40% on the Menpo dataset [41], which signif-
icantly improves facial animation and AR filter accuracy. For example, OpenFace 2.0 [58]
uses a 1D GRU to smooth 2D landmark sequences, thereby providing sub-pixel stability
for real-time applications. Temporal models are sequential with latency effects. Causal
ones (unidirectional) are faster but less accurate, whereas non-causal ones (bidirectional)
require buffering and are not suited for low-latency systems [54].

6.3. Computational and accuracy trade-offs

As Table 4 illustrates, hybrid architectures provide the most reasonable compromise: a
2D CNN detects the landmarks per frame, and a small 1D model, for example, a 1D CNN or
GRU, refines them temporally. This modular architecture facilitates end-to-end training of
the detector while enabling efficient post-processing. The same performance comparison
on the 300 VW dataset using a mobile GPU is presented in Table 4 [40].

Table 4. Comparing the performance on the 300 VW dataset under mobile GPU.

Model Landmarks Latency (ms) NME (%) FLOPS (M) Use Case

1D CNN (3-layer) 68 3.8 1.92 42 Mobile AR

LSTM (2-layer) 68 16.3 1.75 187 Video tracking
Transformer (4-head) 68 28.7 1.68 312 High-accuracy apps
Hybrid (2D detector + 1D smoother) 468 11.2 1.81 89 Real-time mesh

The performance of 1D CNNs is lowest in latency and computational cost, making them
well-suited to mobile and real-time applications. Although transformer-based approaches
have the lowest NME and the best accuracy, they also require higher FLOPS. On the other
hand, hybrid architectures strike a well-optimized balance between accuracy and efficiency
for real-time mesh reconstruction.

7. Face mesh and three-dimensional reconstruction

3D face mesh modeling is widely utilized in AR, facial animation, and biometric
identification [65]. However, conventional approaches typically use 2D-to-3D regression
on parametric models (e.g., 3D Morphable Models (3DMM) or Faces Learned with an
Articulated Model and Expressions (FLAME)). Recent work has also explored the use of 1D
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deep learning models to represent and reconstruct facial geometry in a compact, sequential
manner.

71. From one-dimensional signals to three-dimensional geometry

3D face mesh modeling aims to reconstruct a dense vertex mesh representing facial
surface geometry, crucial for applications in AR, facial animation, and biometric iden-
tification. Traditional methods rely on 3DMM [66] or FLAME [67], which parameterize
facial shape and expression as linear combinations of learned bases [66, 671:

ns n,
V= l7+ZOtiSi+Z,3jEj 18)
i=1 j=1

where v is the mean face, Si are shape bases, Ej are expression bases, and «, B are
coefficients.

While 3DMMs are powerful, regressing « and 8 directly from 2D images is ill-posed and
computationally expensive. 1D deep learning offers a more efficient alternative, instead
of processing full images, models operate on 1D facial curves or embedding sequences to
predict 3D parameters [66]. For example:

- MediaPipe face mesh uses a lightweight 2D CNN to detect 468 2D landmarks, then fits a
3D mesh by solving a Procrustes alignment problem using a precomputed 3D template
[571.

- FLAME-based models use 1D CNNs to regress expression coefficients g from landmark
sequences, reducing parameter count by 80% compared to image-based regression
[671].

This 2D-to-1D-to-3D pipeline enables real-time performance on mobile GPUs (<15 ms
latency) and high interpretability, as each coefficient corresponds to a semantic facial
action (e.g., “smile”, “brow raise”) [67].

72. Temporal modeling for dynamic three-dimensional reconstruction

In video sequences, 3D face meshes must evolve smoothly over time. 1D RNNs and
Transformers are ideal for modeling the temporal dynamics of shape and expression
parameters. Let 8; € R™ be the expression vector at frame t. An LSTM can model its
evolution [68]:

hy = LSTM (B¢, he-1) 19)

with ht used to predict 8;+1 or detect anomalies, e.g., sudden expression changes.

This method increases temporal coherence and decreases mesh flickering, essential for
VR avatars and digital humans. Key Motion Talk (KMTalk) [68], for example, uses a 1D
transformer to map audio features to 3D facial motion curves, enabling speech-driven
animation with minimal latency.

7.3. Fidelity limitations
1D facial representations are computationally efficient and temporally stable; however,

they do not provide the detailed geometric information available in dense 3D meshes or
image-based models. Facial structure, when compressed into landmark sequences, curves,
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or low-dimensional coefficients, may not capture small surface variations like skin wrinkles
and micro-expressions. Furthermore, the spatial resolution of 1D models depends on the
number and spatial distribution of sampled points, and they are sensitive to sparse or
uneven landmark coverage. This means that 1D approaches are particularly well-suited to
applications focused on real-time performance and robustness. In contrast, high-fidelity re-
construction tasks may still require dense 3D representations or hybrid 2D-1D frameworks
[65, 68, 69].

74. Applications in augmented reality/virtual reality and facial animation

1D-based 3D Reconstruction is especially valuable in:

1. AR/VR avatars: Lightweight 1D models allow for immediate facial reenactment on
smartphones and AR glasses [69].

2. Speech-driven animation: Audio features are converted to 1D latent curves and
transformed into 3D mesh deformations [68].

3. Emotion recognition: Dynamic mesh deformations, e.g., lip stretch and brow furrow,
are studied with 1D CNNs for affective state inference [69].

These applications benefit from low latency, compact representation, and semantic
interpretability of 1D models. The performance of 3D face recognition on the BIWI dataset
is presented in Table 5 [41].

Table 5. 3D face reconstruction performance on the BIWI dataset.

Method 3D Vertices Latency (ms) Mesh Error (mm) Model Size (MB)
3DMM (image-based) 50 K 45.2 1.8 120

FLAME + 1D CNN 5K 12.1 2.1 8.3

MediaPipe Face Mesh 468 9.8 2.4 4.7

Transformer + 1D curve 5K 21.5 1.9 22.1

These figures indicate that image-based 3DMM techniques can achieve the lowest mesh
error; however, they suffer from high latency and a larger model size. In compari-
son, the benefits of 1D-based and hybrid approaches are a much lower computational
overhead and the preservation of reasonable reconstruction accuracy in real-time and
resource-constrained environments. While 1D-based approaches do sacrifice some geo-
metric fidelity, they are more efficient and deployable, making them helpful for end users.

8. Datasets

Table 6 demonstrates support for the development of 1D facial analysis from several
key datasets. Although the datasets 300 VW [40], Menpo [41], and BIWI [41] provide
video-oriented facial data, few provide standardized 1D signal annotations (e.g., canonical
landmark sequences or embedding trajectories). This disconnect hampers reproducibility
and cross-method comparison. Real-world deployment scenarios demonstrate the feasibil-
ity of this:

- MediaPipe face mesh uses 468 landmarks for a 1D sequence smoothed via an LSTM,
with 45 FPS on iPhone 12 and sub-2-pixel jitter [57].

- OpenFace 2.0 uses a 1D GRU to identify landmark sequences for stable expression
tracking in telehealth apps [58].

Push new norms with:
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- Standardized 1D facial sequences (e.g., anatomically ordered landmarks),
- Time smoothness (jitter index), embedding stability, and mesh flicker metrics,
- Edge performance metrics (Snapdragon 8 Gen 2 latency, power draw on Raspberry Pi).

Table 6. Facial analysis key datasets.

Dataset Task Modality Sequence Support
300 W [40] Landmark detection 2D images No
300 VW [40] Video landmark tracking 2D video Yes
BIWI [41] 3D face tracking Depth + RGB  Yes
Menpo [41] 2D/3D landmark video Multi-view Yes
COFW [39] Occluded face recognition 2D images No
FairFace [70]  Demographic fairness 2D images No

As the table emphasizes, only a subset of the popular facial datasets supports sequential
or temporal analysis, which is important for 1D modeling. The majority of benchmark
datasets remain image-based, underscoring the scarcity of standardized sequence data for
evaluating methods of 1D facial analysis.

8.1. Toward a standardized evaluation framework

To enable universal criteria for 1D model comparison, the proposed minimal evaluation
protocol is as follows: Table 7.

Table 7. Multi-dimensional evaluation metrics.

Metric Definition Ideal Value Task

NME Normalized Mean Error (landmarks) <2.0% Landmark detection/temporal smoothing

Acc Top-1 accuracy (recognition) >95% Identity verification

Latency Inference time (ms) <10 ms Real-time processing

FLOPS Computational cost (M) <100 M Edge deployment

Model Size Parameter count (MB) <10 MB  Edge deployment

Jitter Index Std. dev. of landmark motion <0.5 px Temporal smoothing

Mesh Error Vertex-to-surface distance (mm) <2.5mm 3D coefficient regression/mesh reconstruction

The input consists of canonical 1D facial sequences, such as anatomically ordered 68-
point landmark curves extracted from 300 VW or temporal face embedding sequences
derived from LFW videos. For each task, subsets of metrics are underscored: landmark
detection and temporal smoothing are primarily evaluated using NME and the jitter index,
identity verification is evaluated by recognition accuracy, and 3D coefficient regression
is evaluated by mesh error. The thresholds are chosen based on recognized benchmarks
and perceptual needs; for instance, NME less than 2.0% on datasets such as 300 VW
and Menpo is considered visually stable landmarks appropriate for augmented reality or
facial animation. Similarly, latency of less than 10 ms and model size of less than 10
MB mirror real-world user requirements for edge-device applications — showcasing the
reported performance as both technically sensible and appropriate for tasks ranging from
identity verification to temporal smoothing and 3D reconstruction.

8.2. Data availability and reproducibility challenges

Currently, 1D facial models have gained popularity, but some issues do exist [68-70].

- Reproducibility in 1D facial modeling is limited by the absence of standardized datasets
that provide canonical 1D representations, such as anatomically ordered landmark
sequences or temporal embedding trajectories.
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- There are a number of works that use proprietary pipelines or task-specific preprocess-
ing to derive 1D inputs that prevent fair comparison of methods.

- The development of publicly available benchmarks with fixed 1D encodings and unified
evaluation protocols will help ensure reproducibility and comparability across models
for 1D facial analysis.

8.3. Ethical considerations and demographic bias

The current ethical debate in facial analysis is superficial today. 1D models can lead
to more extreme demographic discrimination in biased data representation due to sparse
features that capture greater variability across skin shades and facial shapes. For instance,
there is a 2.3x higher detection error in landmark detection on darker-skinned females
than on lighter-skinned males in 300 W [40], which also propagates into downstream 1D
pipelines [57]. Using FairFace [70] as a diagnostic tool, the majority of 1D studies have
been found to lack the ability to report performance disaggregated by race or gender (an
important gap). These studies have been found [68] to reduce bias:

- Bias-sensitive training, e.g., re-weighted loss functions.
- Biometric leakage prevention with on-device inference.
- Ongoing fairness audits with metrics, e.g., equalized odds.

The ethics of using facial analysis is not well studied, and there is a focus on the
demographic bias present in sparse 1D representations. Landmark-based 1D models are
prone to errors caused by skin tone and facial shape factors, with landmark localization
error on darker-skinned females (300W) significantly larger than that on lighter-skinned
males [40]. This bias can propagate into downstream pipelines. Potential bias mitiga-
tion strategies include fairness-aware training (with reweighted loss functions), balanced
sampling, and attention- or graph-based constraint architectures that may reduce demo-
graphic selectivity. Furthermore, privacy-preserving strategies [68, 69], such as on-device
inference, federated learning, and differential privacy, provide practical solutions to these
problems for protecting biometric data during training and deployment.

8.4. Key limitations of one-dimensional models

Even though 1D models are very popular and powerful methods, they have intrinsic
limitations [65, 68, 69]:

- Missing global spatial context: Unlike 2D CNNs, 1D models do not capture holistic
texture or symmetry information.

- Sensitivity to input ordering: Curve-based methods depend on canonical landmark
sequencing, which performs poorly under extreme pose or topology changes.

- Decreased occlusion stability: With less redundant information, missing significant
features (e.g., due to masks) severely affects performance.

These limitations imply the need for hybrid architectures or self-supervised recovery
mechanisms in future work.

9. Conclusion

This review provided a detailed critical discussion of 1D deep learning for facial analysis,
focused on the shift from 2D image-based models to sequential representations, associated



74 JOURNAL OF SOFT COMPUTING AND COMPUTER APPLICATIONS 2026;3:1029

mathematical formulations, and relevant neural architectures. Applications were presented
around face recognition, landmark detection, and 3D face mesh modeling, along with
comparative evaluations of accuracy, latency, and computational efficiency. In general, the
1D model achieved a good trade-off among performance, interpretability, and efficiency,
especially in real-time and edge-based scenarios.

Future research directions can be broadly grouped to technical direction and ethical
and fairness directions. Technical directions should explore self-supervised and few-shot
learning to reduce dependence on labeled data, neural compression techniques for effi-
cient encoding of 1D facial signals, multimodal 1D fusion combining facial, audio, and
physiological cues, and generative modeling using Variational AutoEncodersg (VAEs) or
diffusion frameworks to synthesize realistic facial sequences. Ethical and fairness directions
means that research should prioritize fairness-aware 1D architectures that generalize
across demographic groups, as well as explainable Al methods to improve transparency and
trust. Privacy-preserving learning paradigms, including federated learning and differential
privacy, are also essential for responsible deployment of facial analysis systems. As demand
for intelligent, lightweight, and privacy-preserving facial systems grows, 1D deep learning
will play an increasingly central role in shaping the future of facial understanding.
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