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Cross-domain face recognition using coupled independent component
analysis

Introduction

Face recognition has been the prominent biometric technique for identity authentication and
widely used in the commercial, military, and government sectors. The research endeavors have
been largely focused on the visible spectrum. However, the lack of illumination during nighttime
makes visible imaging sensors less effective. Thermal imaging is a way to improve the visibility
of objects in a dark environment. Thermal cameras detect heat given off by an object and convert
temperature information into images and therefore are a highly practical imaging modality for
nighttime operation.

As most databases only contain facial imagery in the visible spectrum, heterogeneous face
recognition (HFR) is essential for matching a thermal probe image against visible images. The
large modality gap between faces captured in different spectra makes HFR a challenging problem.
Numerous studies [ 1-4] have been conducted on reducing the large domain gap to facilitate cross-
spectral recognition. Klare et al. [5] developed a generic framework based on nonlinear kernel
prototype similarities for cross-modal matching. Hu et al. [6] proposed a one-vs-all framework
using binary classifiers based on partial least squares (PLS), where thermal counter examples were
used to augment the negative sample set during training. Recently, the great progress in high-
quality face synthesis has made "recognition via synthesis generation" possible. Zhang et al. [7]
proposed a generative adversarial network (GAN) to synthesize polarimetric thermal images into
visible domain. Di et al. [8] recently proposed a more stable GAN network called AP-GAN for
synthesizing visible faces from polarimetric thermal counterparts via attribute preserved synthesis.
Zhang et al. [9] proposed TV-GAN which used the base pix2pix model with incorporated identity
loss in the generator to synthesize faces in the visible RGB domain from their counterparts in the
thermal-infrared domain.

In the meantime, developments in coupled architecture have shown promising results for cross-
spectral synthesis and recognition problems. Reale et al. [10] achieved thermal-to-visible face
recognition by learning coupled dictionaries in the two domains, where the dictionaries were
obtained through bi-level optimization using stochastic gradient descent. [ranmanesh et al. [11]
proposed a coupled deep neural network architecture that was able to find global discriminative
features in a nonlinear embedding space to relate the polarimetric thermal faces to their
corresponding visible faces.

Motivated by the recent advances in face recognition algorithms using coupled architecture, we
proposed a coupled independent component analysis (Coupled ICA) architecture for cross-spectral
thermal-to-visible face synthesis and recognition. Independent component analysis (ICA) is a well-
known statistical analysis tool that estimates the original source signal from observed mixture
signals. Previous research has suggested there exists a connection between ICA and the human
visual system [12-13]. ICA of natural image patches produces the sparse representation of the
image patches and a set of high-pass filters resembling the receptive fields of simple cells in visual
cortex. [CA was recently applied to thermal facial images and was able to capture temperature



fluctuations from the movements of eyes, respiration, et al. [14]. The Coupled ICA approach
assumes a pair of corresponding thermal and visible image patches are from the same sources
observed by the imaging systems represented by two different ICA projection matrices. The source
space is a common latent space between the visible and the thermal domains. Firstly, the Coupled
ICA process is performed through jointly updating the projection matrices in the two domains over
a set of training data. Then, the obtained ICA filters are used to transform images into a domain-
independent latent space via patch-wise synthesis. The proposed Coupled ICA framework forces
the filtered images of a pair of corresponding images in the two domains to be identical in the
common latent space. Finally, classification is conducted using the multi-class sparse
representation (SR) algorithm.

While many methods in the literature yield better results on polarimetric thermal images than
thermal images, the proposed method is specifically effective for conventional thermal images.
This indicates that the coupled ICA acquires the 2D point spread function information in the basis
functions and cannot capture the 3D geometric information in the polarimetric images.

Experimental Methods/Materials/Project Approach

In this section, we will describe the details of the proposed heterogeneous face recognition system.
First, a coupled ICA model is trained using a set of visible and corresponding thermal image
patches. Then visible and thermal images are synthesized using the filters obtained from the
coupled ICA model. Lastly, a multi-class sparse representation (SR) framework is used for
recognizing a thermal face identity in a visible facial gallery.

Independent Component Analysis of Images

Olshausen and Field [12] applied a sparseness-maximization network to natural image patches to
find efficient codes for natural images. Their research demonstrates that a network that learns
sparse codes of natural scenes produces a set of basis functions that are spatially localized,
oriented, and bandpass (i.e., wavelet-like). Each image patch can be represented as a linear
combination of the 'basis' patches, such that the mixing coefficients are as sparse as possible.
Subsequently, Bell and Sejnowski [13] applied independent component analysis to similar data,
but the purpose is to seek mutually independent components. It has led to a local representation
similar to that obtained through sparse coding. In addition, independent component analysis has
yielded localized edge detectors. In this section, we briefly describe the general ICA model of
image analysis.

Image that each image patch, represented by a vector X = (xq, X, *** X4), is a linear combination
of d basis functions that are fixed for all image patches. The coefficients of the linear combination

vary with image patches. Assume that the basis functions form the columns of a projection matrix
A, this perceptual process can be described by:

x=Y% a;s; = As (1)

where a; (i = 1,---,d) are the basis functions of the perceptual system, and s; is the scalar



coefficient of a;. Given a set of random image patches, the goal of the ICA image analysis is to
find a matrix W = A~ that represents the inverse of the perceptual process, so that the components
of the resulting vector:

u=Wx (2)

are mutually independent. The rows of matrix W can be used as filters to transform images
obtained by the same system to their corresponding independent sources.

Coupled Independent Component Analysis Model

Heterogeneous Face Recognition (HFR) is a challenging issue because of the large domain
discrepancy. Much research has been devoted to transforming images into latent space to reduce
domain discrepancy [15-17]. Motivated by the findings of the above-mentioned ICA research, we
propose a coupled independent component analysis (Coupled ICA) model to obtain a set of basis
functions in each relevant domain. The coupled ICA aims to represent a visible image patch and
its corresponding thermal image patch as two different linear combinations of the same coefficients
i.e. the photographed object. Our goal is to transform face images in the infrared spectrum and the
visible light spectrum into a new latent space to reduce the domain discrepancy, as shown in Figure
1.

Visible
Patch x¥
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Figure 1. Illustration of Coupled ICA model for cross-domain linear image synthesis.
Each patch is represented as a linear combination of basis functions, each associated
with an element of an underlying vector of statistically independent ""image sources".
The image sources are recovered by a matrix of filters, more loosely "receptive
fields". In Coupled ICA, it assumes the image sources from visible domain to be
identical to those observed at the thermal domain.

Let X'=[x!,..,x!]eR"" be a a set of n d-dimentional visible image patches and
X' =[x',...,x' ]e R be their corresponding thermal counterparts. A coupled ICA is performed on
X? and X! as follows:



u=WX=[W’, W]

X 3

Xt
where WY € R**4 and W' € R¥*? are the filter matrices for the two modalities. We use the
FastICA algorithm to obtain the transform matrix W = (W, - W;, - W4)T, where W; is a
concatenated row vector of W” and W, A preprocessing is performed to whiten the image patch
data. Then the FastICA learning rule iteratively finds a vector w; (i = 1,:--d) so that the
projection W;” X maximizes the nongaussianity. The Coupled ICA learning process enforces that
the optimization is in the concatenated domain space of X¥ and X%, but not in each domain

separately. The learned WY and W are used to transform the visible and thermal image patches
respectively to enhance the common features in these two domains.

Image Synthesis Based on the Coupled ICA Model

A set of visible image patches and their corresponding thermal patches are selected for the Coupled
ICA training. The learned WV is used to transform each visible face image in the gallery through

patch-wise synthesis. For each pixel in an image, its surrounding vd X vd subwindow is
transformed by the ICA filters. Because the subwindows are overlapping, d transformations are
obtained for each pixel. The final synthesis result is the mean of the d transformations. A probe
thermal face image x* is similarly synthesized using W¢ and matched against the transformed
visible images in the gallery. An example of image synthesis based on the coupled ICA is shown
in Figure 2.
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Figure 2. An example of image synthesis based on coupled ICA.
Face Recognition by Multi-class Sparse Representation

The proposed thermal-to-visible face recognition is performed on the synthesized thermal and
visible images. Firstly, we employ a difference of Gaussians (DoG) filter and a nonlinear
hyperbolic tangent sigmoid (tanh) function to enhance edge information and contrast. Secondly,
the histogram of oriented gradients (HOG) features is extracted to reduce the gaps between the
visible and thermal facial signatures. Finally, the classification is performed using the multi-class
sparse representation (SR) discriminative model.

Preprocessing



To increase the correlation between the visible and thermal modalities, each face image is
preprocessed. We apply a DoG band-pass filter, to emphasize the edges in addition to removing
high and low frequency noise. Given an image I, the DoG filtering with two Gaussian kernels o,
and o; is defined as follows:

Ipoc(x,y) = [G(x,y,00) — G(azc, Y, o)) *1(x,y)
_xc+y

e 202 4)

GCr,y,0) = 2102

where Ip,is the DoG filtered image, * is the convolution operator, and G is the Gaussian kernel.
Furthermore, we apply a nonlinear hyperbolic tangent (tanh) sigmoid transformation on the DoG
filtered image to enhance the edge information:

T(Ipoc (x,)) = tah (2272) 5)

ODoG

where op, 1s the standard deviation of the DoG filtered image I, .
Histogram of Oriented Gradients Descriptor

The histogram of oriented gradients (HOG) is a feature descriptor that represents the local object
appearance and shape information in an image. It comprises the distribution of intensity gradients
and edge directions. HOG has been widely used for extracting facial features. We extract the HOG
features of face images and feed them to the subsequent multi-class SR classification.

Sparse Representation for Face Recognition
In this study, we use the multi-class sparse representation (SR) model [ 18-20] for face recognition.

In addition, we add thermal cross-examples of unrelated subjects to improve the discriminative
capabilities of the cross-spectral face recognition system, as shown in Figure 3.
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Figure 3. Multi-class sparse representation (SR) for visible-to-thermal face recognition

In the multi-class SR model, a test sample is represented by the linear combination of training
samples, ideally only by training samples of the class associated with the test sample. Suppose N



features are extracted from images and there are C known subject classes; each class has L visible
training samples. Let D; = [d;1,d; 5, ..., d; ] € RV*L be a matrix formed by the feature vectors of
visible training samples of the i-th class and D,,ss € RV*Mcross be a matrix of M,,.ss thermal
cross-examples, then D = [Dy, Dy, ..., D¢, Dgposs] € RN*(LC+Meross) s a dictionary composed of
all visible training samples and thermal cross-examples. Given a thermal test sample y, it can be
represented by y = Da, where a € RLC*Meross s the representation coefficient vector. This linear
equation system is underdetermined if N < LC + M_,,ssthen its sparsest representation can be
obtained by solving the following optimization problem:

o = argmin||af|; s.t. |ly —Dall, <€ (6)

where ||*||; denotes the L1-norm, which counts the number of nonzero entries in a vector, and € >
0 is a constant. Since @ is achieved, using only the coefficients associated with the i-th class, the
sparse coding error (or residual, SCE) is calculated by:

where function 8; : RN — RY selects the coefficients associated with the i-th class. The SR
classifier assigns the thermal test sample y to the class k if y, (y) = min y;(y).

Results and Discussion
Database Description and Implementation Details

Experiments were conducted using two heterogeneous face datasets: the ARL multi-modal face
dataset [21] and the Tufts face dataset [22], to evaluate the performance of the proposed thermal-
to-visible face recognition approach. Each dataset was collected with different sensor systems and
contains images acquired under different experimental conditions. The evaluation was repeated
100 times, and the average results were used to validate the robustness of the approach. While the
numbers of training data and test data are the same as in referenced studies for fair comparison.
the dataset was randomly partitioned into training and test data in each trial.

ARL Multi-modal Face Dataset

The ARL multi-modal face dataset comprises thermal face images, including conventional
thermal and polarimetric thermal images, and their corresponding visible images related to 60
subjects [21]. Data was collected at three different distances: Range 1 (2.5 m), Range 2 (5 m),
and Range 3 (7.5 m). An example of image pairs in the three ranges is shown in Figure 4. In
addition, each subject has 4 baseline images with a neural expression and 12 images with
different expressions in the mouth and the eyes. All images were normalized to 250 x 200 pixels.
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Figure 4. Example ARL dataset imagery from the baseline condition, showing
visible, conventional thermal and polarimetric thermal images at three ranges

Tufts Face Dataset

Tufts face database is a publicly available face dataset collected from students, staff, faculty, and
their family members at Tufts University [22]. It contains 7 image modalities: visible, near-
infrared, thermal, computerized sketch, video, LYTRO and 3D images. In our study, we used
paired thermal and RGB face image data. The dataset contains images of 128 x 128 pixels for 112
subjects including 74 females and 38 males, from 15 countries. Each subject has images with
different expressions of neutral, smile, sleepy, and surprised, occlusion with sunglasses, and side
views at various angles. In our study, we transformed all RGB images into gray scale images.
Example images of a subject in this dataset are shown in Figure 5.

Visible

Thermal

Figure 5. An example of a subject in Tufts dataset. It includes paired visible and
thermal images with different views and expressions.



Qualitative Analysis

To evaluate the performance of our proposed method, we applied the method to each of the two
datasets. Among the 60 subjects in the ARL dataset, 25 subjects were used to train the Coupled
ICA model, and the remaining 35 subjects were used for testing the face recognition framework.
The training patches for the Coupled ICA were randomly selected from the training images. The
Range 1 baseline visible images of the 35 test subjects were used as positive and negative samples
(dictionary atoms) for building the SR model. In addition, the Range 1 thermal images of the 25
training subjects were added as cross-examples to the SR model.

Before the HOG features were extracted and fed to the SR classifiers, each image was processed
using the extended DoG to enhance edge information and contrast. The effectiveness of image
synthesis and the extended DoG preprocessing is demonstrated in Figure 6. Figure 6(d)
demonstrates the extended DoG of the synthesized images is able to capture meaningful
information in both modalities.
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Thermal
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Figure 6. The extended DoG performance on visible spectrum and its
corresponding thermal image.

To demonstrate the effectiveness of the proposed method, we compared the results with several
state-of-the-art approaches. The quantitative results are summarized in Table 1. The performance
is evaluated using the Rank-1 identification rates in five different scenarios: overall, Range 1
expressions, Range 1 baseline, Range 2 baseline, and Range 3 baseline. The overall accuracy is
calculated from all thermal images of the 35 test subjects in the three ranges. Compared with partial
least squares (PLS) [6], deep perceptual mapping technique (DPM) [23], and PLS-DPM [21], our
proposed framework achieved a performance improvement of 42.09%, 19.83%, and 11.05%. In
addition, we compared the performance of our method with that of the following five recent
coupled deep learning methods: coupled neural network (CpNN) [24], PLS-CpNN [25],
Generative Adversarial Network-based Visible Face Synthesis (GAN-VFS) [26], Coupled Deep
Convolutional Neural Network (CpDCNN) [11], and Attribute-Guided Coupled Generative
Adversarial Network (AGC-GAN) [27]. The results demonstrate that our method is also superior
to the embedding deep learning techniques. The most significant advantages of our method are
observed in Range 3 images, which is beneficial for practical applications where cameras are more
than 5 meters away from subjects.



Table 1. Rank-1 Identification Rate for Cross-spectral Face Recognition on the ARL

Dataset.
Scenario PLS- | PLS- GAN- | AGC- | Coupled
PLS | DPM | CpNN | pn; | cpaN | CPPENN | ypg | GaN ICAp
Overall 0.5305 | 0.7531 | 0.7872 0.8409 | 0.8452 0.8857 0.8561 | 0.8925 | 0.9514
Expressions 0.6276 | 0.7887 | 0.8213 0.8898 | 0.8907 09124 0.8934 | 09217 | 0.9619
Range 1 0.6211 | 0.8778 | 0.9102 | 0.9417 | 0.9388 0.9534 0.9412 | 0.9659 | 0.9650
Range 2 0.5197 | 0.7532 | 0.7904 | 0.8578 | 0.8586 | 0.8868 0.8701 | 09178 | 0.9643
Range 3 0.3448 | 0.5219 | 0.5588 0.5768 | 0.6014 | 0.7754 0.7559 | 0.8124 | 0.8878

The proposed method was also evaluated using the Tufts dataset. Compared to the previous
dataset, this dataset is more challenging due to a large number of poses and expression variations.
We compared the proposed method with the recent state-of-the-art methods that have used this
dataset in their studies, including TV-GAN [16], CycleGAN [28], Pix2PixHD [29] and TR-GAN
[30]. In order to perform a fair comparison, we adopted the same experiment parameters that 17
subjects were used for testing and the rest for training [30]. The training set contains 1294 thermal
images and corresponding RGB images, while the test set contained 238 thermal and
corresponding RGB images. The training set was used for generating the Coupled ICA model, and
the testing set was used to build the multi-class SR model for evaluation. The thermal images in
the training set were also used as cross-examples for training the multi-class SR classifiers. The
results are summarized in Table 2. The proposed method yielded better performance than these
deep learning models. In addition, deep learning approaches need much more data and computing
resources for training. We used 1294 pairs of images for training in our method to match the same
experiment data as the other methods. However, the Coupled ICA model could use much fewer
training images to select the random patches. Overall, the recognition performance of the Tufts
dataset is inferior to that of the ARL dataset, which may be attributed to the more diversified view
angles and opaqueness of eyeglasses.

Table 2. Rank-1 Identification Rate for Cross-spectral Face Recognition on Tufts Dataset.

Scenario
Overall

TV-GAN
0.5378

Pix2PixHD
0.6174

CycleGAN
0.7941

TR-GAN
0.8865

Coupled ICA
0.8946

Face Verification Performance

We evaluate the face verification performance of proposed method and compare it with several
recent works: GAN-VFS [7], Multi-AP-GAN [31], Multi-AP-GAN (GT) [31]. The cross-modal
verification performance of different methods is evaluated using the Area Under the Curve (AUC)
and Equal Error Rate (EER).

In face verification using the proposed method, the similarity score of a test sample and a class is
calculated as the cosine similarity of the test sample and its reconstruction from the training
samples of the class. Table 3 summarizes the AUC and EER of these state-of-the-art approaches
and our proposed method. Face images in the Tufts dataset are more challenging due to a large



number of pose and expression variations as well as a few numbers of images per variation. As a

result, the performance of every method is slightly lower than what we observed in the ARL face

dataset.

Table 3. Performance comparisons of the baseline methods and the proposed method.

ARL Dataset Tufts Dataset
Method

AUC EER AUC EER
GAN-VFS [18] 79.30% 27.34% 73.78% £ 0.46% 32.32% + 0.53%
Multi-AP-GAN [45] 90.14% £ 2.17% 18.20% % 2.65% 75.86% £ 0.88% 31.14% + 0.74%
Multi-AP-GAN(GT) [45] 92.72% £+ 2.03% 16.05% £+ 2.15% 77.38% + 0.98% 29.94% + 0.79%
Coupled ICA 98.93% £ 0.03% | 2.93% £+ 0.52% 95.45% + 1.85% 7.69% +2.57%

Ablation Study

In order to demonstrate the effectiveness of different modules in the proposed framework, we
conduct the following ablation study using the ARL multi-modal face dataset.
(1) Thermal to visible recognition with HoG and multi-class SR classifier (Conventional-HOG).
(2) Thermal to visible recognition with Extend DoG, HOG and multi-class SR classifier
(Conventional-EDoG-HOG).
(3) Thermal to visible recognition with Coupled ICA, HOG and multi-class SR classifier
(CoupledICA-HOG).
(4) Thermal to visible recognition with Coupled ICA, Extend DoG, HOG and multi-class SR
classifier (CoupledICA-EDoG-HOG).
Table 4 shows the Rank-1 identification rate for cross-spectral face recognition corresponding to
each experimental module. This demonstrates the contribution of each component in our cross-
spectral face recognition framework. The extended DoG improves the performance for Range 2
and 3 that have lower resolution but decreases the accuracy for the expression group. On the other
hand, the Coupled ICA improves the accuracy in all the cases of different combinations of
resolutions, expressions and feature descriptors, particularly Range 3. This study confirms that the
Couped ICA improves spatial resolution and the overall performance of thermal-to-visible face
recognition.

Table 4. The ablation study of the coupled ICA.

Scenario Conventional- Conventional- CoupledICA- CoupledICA-
HOG EDoG-HOG HOG EDoG-HOG

Overall 0.8973 0.9062 0.9443 0.9514

Expressions | 0.9345 0.8995 0.9594 0.9619

Range 1 0.9239 0.9435 0.9606 0.9650

Range 2 0.8986 0.9596 0.9603 0.9643

Range 3 0.7581 0.8352 0.8666 0.8878

Discussion



In addition to the Coupled ICA model, the SR classifiers and the cross-examples also contribute
to the success of the framework. In addition, we investigate the potential application of the method
in polarimetric thermal to visible face recognition. Finally, we conclude that face recognition
research enhances the quality of education and student learning outcomes of the computer science
program at Fort Valley State University.

Effect of Classifiers

In order to assess the effect of classifiers in the proposed Coupled ICA method, we compared
sparse representation (SR), support vector machine (SVM) and partial least squares (PLS) in the
multi-class framework. The same synthesized images and cross-examples are fed to the classifiers.
Table 5 indicates that the combination of SR and the Coupled ICA provides the best recognition
result on both the ARL and the Tufts datasets.

Table 5. Effect of SR, SVM and PLS classifiers.

Dataset SVM PLS SR
ARL 0.0976 0.7431 0.9443
Tufts 0.0978 0.8890 0.9514

Effect of Cross-examples

Previous studies have demonstrated that cross-examples improve the performance of
heterogeneous face detection [32] and recognition [16]. In this study, we investigate the
performance of the Coupled ICA and SR model with and without thermal cross-examples. The
overall accuracies of the two datasets in the experiments are listed in Table 6. The experiment
results demonstrate that cross-examples improve the identification performance overall. The
accuracy is improved by 7% for the ARL dataset and around 10% for the Tufts dataset. These
results confirm that combining the Coupled ICA model with SR classification using cross-
examples achieves the best performance for thermal-to-visible face recognition.

Table 6. Effect of cross-examples on Coupled ICA accuracy.

S i ARL Dataset Tufts Dataset
cenario

Without Cross With Cross Without Cross With Cross
Overall 0.8856 09514 0.7976 0.9009

Application to Polarimetric Thermal Data

We also evaluate the proposed method on the polarimetric thermal modality of the ARL multi-
modal face dataset. An interesting observation from our experiments is that the proposed method
produced better results for conventional thermal images than polarimetric thermal images. Figure
7 shows the results for the conventional and polarimetric thermal-to-visible face recognition,
which demonstrates the superiority of the thermal modality over the polarimetric modality. This
is different from what has been discovered in the previous studies [4-7,16-18,31-32] that the



thermal-to-visible face recognition benefits from additional geometrical and textural information
in polarimetric images. That may be because the coupled ICA acquires the 2D point spread
function information in the basis functions and cannot capture the 3D geometric information in the
polarimetric images.
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Figure 7. Results of conventional and polarimetric thermal-to-visible face recognition.
Educational Impact of Face Recognition Research

The cross-modal face recognition research created an educational component that computer
science students conducted undergraduate research projects in artificial intelligence and machine
learning using deep learning techniques. Their research findings have been presented at national
and regional conferences and garnered positive feedback from the academic community [32-34].
The active engagement of undergraduate students in research offers significant benefits for both
the students and the institution. Through these experiences, students develop strong critical
thinking and problem-solving skills while gaining hands-on experience with research methods that
prepare them for graduate study. At the same time, the computer science program has experienced
a 35% increase in enrollment over the past five years, reflecting growing student interest and the
positive impact of research-informed learning opportunities.
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