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ABSTRACT

A facial recognition system is a technology capable of matching a human face from a digital image or a video frame against
a database of faces. An essential aspect of facial recognition technologies is the dataset of faces used for training and testing.
However, because most models are trained on mostly Caucasian faces, algorithmic accuracy on Caucasian faces tends to be
higher than on African faces. This resulted in facial recognition bias and some unfavorable societal consequences such as
false arrest and excessive government surveillance where people of color have been most affected by these consequences.
Tribal marks are often neglected in facial recognition and can be used to improve the accuracy of the system. In this paper,
we used a one-shot learning model to implement a facial recognition system for African tribal marks. We began by collecting
datasets of people with tribal marks and then used Data Augmentation techniques to increase the size and balance of our
dataset. An MTCNN model was used to detect and extract faces, and embedding points were generated using a pre-trained
model. Using the F1 and MCC scores, we reported scores of 0.887 and 0.757 respectively. This research could be useful in
tackling the racial disparity in facial recognition and ensuring that the database against which a face is matched accurately

reflects local demographics.
Index Terms: Facial Recognition, Recognition Bias, Tribal Mark, Recognition Algorithm.
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. . . . . recognition affect its accuracy, such as aging, thermal
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Africa have used facial scarring to identify a person's tribal
heritage. Due to intra-subject variations in facial
appearance caused by diversity and multiculturalism,
several types of research on facial mark recognition have
been conducted in recent times for the purpose of
inclusion, with the goal of improving facial recognition
performance by developing robust feature representation
schemes or advanced sensing technologies. We discovered
that very little work has been done in the field of computer
vision to recognize facial marks associated with certain
indigenous African tribes. As the facial recognition models
available are trained on mostly caucasian faces, so
algorithmic accuracy tends to be better on caucasian faces
as compared to African and other high melanin faces.
Commonly used benchmarking datasets like Microsoft’s
Celeb-1M and the academic dataset Labeled Faces in the
Wild (LFW) are used by researchers to assess model
accuracy despite their inherent bias — Celeb-1M has
roughly 14.5% African and African-American faces while
LFW is estimated to be 77.5 percent male and 83.5 percent
white[2].

Automated check

+ it looks like your mouth is open

Do you want to submit this photo?

@ Yes, | want to submit it

Explain why you'd like to use this photo

My mouth is closed, | just have big
lips

(_\ No. | want to get another photo

Figure 1: A black man’s lips are mistaken for open by a

biased passport checker FR system.

Previous Facial Mark Recognition (FMR) systems stated
that marks on the face were frequently considered noise
and were not explicitly used in the matching process.
There has been little research into using facial marks for
facial recognition. Using a small twin dataset and a
semi-automatic method, Park and Jain demonstrated that

facial marks can be used to distinguish identical twins. The
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majority of research in the field of facial mark recognition
has focused on how facial marks can be used to improve
the performance of facial recognition systems by
identifying tattoos, scars, moles, freckles, acne, and so on
[9].

This study aims to develop Deep learning models that can

be used to identify African tribal marks.

2. Related Work

S. Sharma et al [4,] proposed a facial recognition system
based on a machine learning algorithm that extracted
features from an input image using PCA. The dataset was
broken down into three configurations: A, B, and C. The
dataset was divided 60:40 in A for training and testing,
80:20 in B, and 90:10 in C. Following the extraction of
vital features with PCA, different machine learning
algorithms (Linear Discriminant Analysis, Multilayer
Perceptron, Naive Bayes, and Support Vector Machine)
were applied to the different configurations, and C
achieved the highest accuracy in each scenario
configuration, demonstrating that the more training data
there is, the higher the accuracy can be achieved. Soft
biometrics, such as facial marks, are small details that can
add extra information to facial recognition. [7] proposed
incorporating soft biometrics into the appearance-based
facial recognition system by fusing traditional facial
features that model the facial appearance with soft
biometric features that model the micro-expressions in an
image sequence. Local Gabor Binary Pattern was used to
represent traditional facial features (LGBP) Two feature
extraction methods commonly used for video-based
micro-expression recognition were used to represent the
soft biometrics. The first is Local Binary Patterns (LBP)
from Three Orthogonal Planes (LBP-TOP), which is an
image sequence extension of Local Binary Patterns (LBP).
The Fuzzy Histogram of Optical Flow Orientations
(FHOFO) feature, which is an enhanced version of the
Histogram of Oriented Optical Flow (HOOF) feature, is
used as the second method. Support Vector Machines were

used to classify the data (SVM). Several fusion techniques
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that are directly applicable to the fusion of traditional and
soft biometrics for person recognition were tested during
the fusion step. The tested fusion techniques were further
classified into feature, rank, and decision levels. The
databases used contained multiple image sequences

containing facial microexpressions for each individual.

[5] proposed a system for face recognition-based

attendance based on machine learning algorithms. The

robust DNN base face detector was used for face detection.

A variety of images were used to train the pre-trained
module. The accuracy of the DNN-based face detection
was higher than that of state-of-the-art methods. Face
recognition was evaluated using SVM, MLP, and CNN as
classifiers and achieved a testing accuracy of 87%, 86.5%,

and 98%, respectively.

[6] proposed a scale space analysis-based mark detection
method for detecting local extrema in a scale space
representation of an input image. The facial landmark
detection and masking process are used to avoid detecting
local extrema around primary facial features (e.g.,
eyebrows, eyes, nose, and mouth). The overall mark
detection procedure consists of the following steps: |
primary facial landmark detection (ASM), (ii) mapping to
the mean shape, (iii) mask construction, (iv) scale-space
extrema detection on non-masked regions, and (v)

post-processing.

[8] improved on [6], which used an Active Appearance
Model (AAM) to map and segment primary facial features
(e.g., eyes, nose, and mouth). Then, to detect facial marks,
Laplacian-of-Gaussian (LoG) and morphological operators
are used. According to the study, PCA and LDA were not
used to detect micro facial features. The study was able to
show that micro-level features like facial marks can

provide some discriminating information.

[10] introduced a system known as FaceNet, a system that
uses triplet loss to learn a direct mapping from face images
to a compact Euclidean space in which distances are
directly proportional to a measure of face similarity. Three
images (known as anchor, positive, and negative images)

are chosen from two classes. They use a deep
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convolutional network trained to directly optimize the
embedding itself, rather than an intermediary bottleneck
layer as in previous deep learning techniques. They also
claimed that the disadvantages of the previous approach
were its indirectness and inefficiency, whereas their
method was significantly more efficient in terms of

representation.

According to the review of related works, much research
has been conducted on ways to improve the robustness of
facial recognition systems. Significant research has been
conducted on tattoos, scars, moles, freckles, acne, and
marks caused by accidents or other illnesses while Tribal

marks have been excluded.

3. Methodology

The paper is implemented using a modified version of the
FaceNet approach described in [10]. Due to a lack of
images of tribal-marked faces, the dataset was compiled
from primary sources that included both tribal marked and
unmarked faces. We investigated oversampling techniques
and used Data Augmentation, which is a set of techniques
for increasing the size and quality of training datasets in
order to build better Deep Learning models [11]. Our
pipeline included the following steps: (a)Data
Augmentation, (b)Face detection, (c)Face reorientation and
cropping, (d)Face encoding (embedding), and (e)Face
classification. We trained and tested an object detection
network, landmark detection network, similarity
comparison network, and support vector machine
(SVM)-based classifier using a programming pipeline of
face detection and reorientation, face encoding, and face
classification [10]. We provide methodological information
for developing the application, as well as preliminary

results and annotated source code.

Dataset Acquisition and Processing

This paper's dataset included both primary and secondary
data sources. The primary data came from photographers

and online social platforms that contained the feature
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characteristics (tribal marks), while the secondary data
came from publicly available online datasets (Kaggle, and

Ethnicity Aware Training Datasets).

The Ethnicity Aware Training Dataset addresses a major
bias driver in Face Recognition, which is caused by
training data selection. It provides four training datasets
(i.e. BUPT-Balanced BUPT-Globalface,
BUPT-Transferface, and MS1M wo RFW) for studying

Face,

facial bias and achieving fair performance[12][13][14][15].
The majority of the datasets are used in deep face
recognition networks (i.e. CASIA-WebFace, VGGFace2,
and MSCeleb-1M).

2%
| L3M
images

e Caucasian
Indian

= Asian

= African

M

images

0/

(a) Existing training datasets (b) BUPT-Globalface

(¢) BUPT

(d) BUPT-T)

The percentage of different races in commonly-used training datasets, BUPT-Globalface and BUPT-Balancedface dataset.

Figure 2 Summary of Ethnicity Aware Training Dataset
Data Preparation

Our dataset was converted from raw data to a format that
would allow us to train our model appropriately. To detect
and crop out our faces, the multi-task cascaded
convolutional network (MTCNN) model was used. The
network is made up of three staged cascaded frameworks:
the proposal network, the refine network, and the output

network [16].

Three tasks are used to train this cascaded CNN:
face/non-face classification, facial landmarks localization,

and bounding box regression.

[J Face classification: the learning goal is referred to

as two-class classification probability

(face/no-face) for each sample [16].
L =~y loglpy) + (1~ y*)(L - log(py))

Where:

pi is the probability generated by the neural network
indicating whether the image is face or no-face. The

ground truth label is represented by ydet ¢ {0,1}.
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[J Bounding box regression: The learning objective
here is referred to as a regression problem, in
which the prediction of the offset between each
candidate window and the nearest ground truth is
computed. The bounding box's dimensions are

left top, height, and width [16].

box _ | =box
pox =1 -

Vi

box "Z
i 2

Yi
Where:

?:mx the logit regression obtained from the network

yPo% represent the coordinates of the ground truth.

[J Facial landmark localization: is a regression
problem, which is similar to a bounding box

regression. The Euclidean loss is denoted by:

lgﬂnlimm’k = —landmark _
i =

landmark 2
Vi Yi Iz

Data Augmentation

Data augmentation: s an overfitting technique used to
address the most commonly reported issue in machine
learning: a lack of sufficient training data or an uneven
class balance within datasets[11]. The parameters used for

our data augmentation are detailed in the table below.

Table 1: Data Augmentation Parameters

Method/Parameters Value
Rotation range 40
Shear range 02
Zoom range 0.2
Horizontal Flip True
Brightness range 0515

Training and Validation

We divided our data into two sets: training and testing, and
then into two classes: facial marked and unmarked. The
training data set contains 591 images of unmarked faces
and 936 images of facially marked faces, while the testing

data set contains 76 images of unmarked faces and 189
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images of facially marked faces. Both sets were run
through a face detection model, and then a method
extracted the faces and returned them in the 160 *
160-pixel shape required by the trained FaceNet model.
Faces and labels from both the training and testing datasets
are then saved in a list X and y. After that, the face dataset

is compressed and saved for later use.

Figure 3: Loaded Face

0 25 50 75 100 125 150
(160, 160, 3)

Encoding Faces Using FaceNet

FaceNet, a deep learning architecture consisting of
convolutional layers based on GoogleNet-inspired
inception models, was used for face recognition and
clustering. Facenet returns a 128-dimensional vector
embedding for each face. Once these embeddings are
created, procedures such as face recognition and
verification can be performed using these embeddings as
face features[20]. These are the distinct facial
characteristics (scars, moles, facial marks). Following the
creation of the embedding points, the system classifies the

result and compares it to training datasets.

Confusion Matrix

This matrix is one of the most intuitive and descriptive
metrics for determining the accuracy and correctness of a

machine learning algorithm. Its main wuse is in
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classification problems with two or more types of classes
in the output [17]. It is depicted as a matrix and provides a

visual representation of the actual vs. expected numbers.

Precision

It simply shows "how many of the selected data items are
relevant." In other words, how many of the observations
predicted by an algorithm to be positive are actually
positive? The precision is equal to the number of true
positives divided by the sum of true positives and false

positives [17]:

TP
TP+FP

Recall or Sensitivity

Recall or Sensitivity is the Ratio of true positives to total
(actual) positives in the data. The recall is equal to the
number of true positives divided by the sum of true

positives and false negatives, as calculated below:

TP
P4 FN

Accuracy

It is the most commonly used for evaluating the
performance of an algorithm in classification problems. It
is defined as the proportion of correctly classified data
items to a total number of observations (formula below).
Despite its widespread use, accuracy is not always the best
performance metric, especially when the target variable

classes in the dataset are unbalanced.

TP+ TN

Accur = -
COUTAcY = Tp TN+ FP+ FN

F1 Score

This metric, also known as an f-score or an f-measure,
calculates an algorithm's performance by taking precision

and recall into account. It is the harmonic mean of
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precision and recall, which is defined mathematically as
follows:
Precision x Recall

F1- re= 2
score Precision + Recall

Matthews Correlation Coefficient

The Matthews correlation coefficient (MCC) is a more
reliable statistical rate that yields a high score only if the
prediction performed well in all four confusion matrices
categories (true positives, false negatives, true negatives,
and false positives), proportionally to the size of positive

and negative elements in the dataset.

MOC — TP x TN — FP x FN
/(TP + FP)(TP + FN)(TN + FP)(TN t FN)

4. Data Implementation.
Due to insufficient data in one of our training classes, we
decided to augment the tribal mark class for our model to
have better generalization, which will directly affect our
model's accuracy to the unseen datasets. The
implementation for our data augmentation is shown in the

code below.

Figure 4: Source code of Data Augmentation

from keras.preprocessing.image import ImageDataGenerator
from skimage import io
datagen = ImageDataGenerator(
rotation_range = 40,
zoom_range = 0.2,
horizontal flip = True,
brightness_range = (0.5, 1.5))
import numpy as np
import os
from PIL import Image
image_directory = r'/content/drive/MyDrive/Tribalmarks/Dataset/try/’
SIZE = 400
dataset = []
my_images = os.listdir(image_directory)
faces = list()
for filename in os.listdir(image_directory):
path = image directory + filename
faces.append(path)
for i in faces:
image = Image.open(i)
image = image.convert('RGB')
image = image.resize((SIZE,SIZE))
dataset.append(np.array(image))
np.array(dataset)
0
for batch in datagen.flow(x, batch_size=16,

o

save_to_dir= r'/content/drive/MyDrive/Tribalmarks/Dataset/output/do/",

save_prefix="augmented’,
save_format="jpeg'):

P41
if i > 5:
break
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Data Preprocessing

We divided our dataset into two classes: the first, facial
marks, contains all images with tribal marks, and the
second, unmarked, contains all images of people of black
ethnicity with no tribal marks on their faces. The dataset
had to be further preprocessed in order for our model to
extract the important facial features required for training
easily. We used a multi-task cascaded convolutional neural
network (MTCNN) to detect and draw a bounding box
around the face of our identities, cropping it out and saving

it in a folder for use in training our model [21].

hhvm ve e i dnpes e o
from PIL import Image

from matplotlib import pyplot

from numpy import savez_compressed

from numpy import asarray

from mtenn.mtcenn import MTCNN

from keras.preprocessing.image import ImageDataGenerator

# extract a single face from a given photograph
def extract_face(filename, required_size=(160, 160)):

image = Image.open(filename)

image = image.convert('RGB')

print(filename)

pixels = asarray(image)

detector = MTCNN()

results = detector.detect_faces(pixels)

x1, yl, width, height = results[0][ 'box']

x1, yl = abs(xl), abs(yl)

x2, y2 = x1 + width, yl + height

face = pixels[yl:y2, x1l:x2]

image = Image.fromarray(face)

image = image.resize(required_size)

# load images and extract faces for all images in a directory
def load_faces(directory):
faces = list()
for filename in listdir(directory):
path = directory + filename
face = extract_face(path)
faces.append ( face)
return faces

# load a dataset
def load dataset(directory):
X, y = list(), list()
for subdir in listdir(directory):
path = directory + subdir + '/’
if not isdir(path):
continue
faces = load_faces (path)
labels = [subdir for _ in range(len(faces))]
print('>loaded %d examples for class: %s' % (len(faces), subdir))
X.extend(faces)
y.extend(labels)
return asarray(X), asarray(y)

# load train dataset
trainX, trainy = load_dataset('/content/drive/MyDrive/Tribalmarks/Dataset/tribal marks/training/')
print(trainX.shape, trainy.shape)

# load test dataset
testX, testy = load dataset('/content/drive/MyDrive/Tribalmarks/Dataset/tribal marks/testing/')

print(testX.shape, testy.shape)
np.savez_compressed(' /content/drive/MyDrive/Tribalmarks/Dataset/tribal marks/data.npz’, trainX, trainy, testX, testy)

Figure 5: Source code of Data Augmentation
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Face Net

We load the entire face dataset into the Facenet model,
convert all of the faces in the train and test sets into
embeddings, and then place them in arrays. We compress

the arrays and save them to a single file.

fron nuapy inport load
fron nunpy inport expand dias

from numpy import asarray

fron numpy import savez_compressed
fron keras.nodels import load model

# get. the face embedding for one face
def get_enbedding(model, face_pixels):

face = face_pixels.astype('floati2’)

mean, std = face_pixels.mean(), face pixels.std()

face_pixels = (face_pixels - mean) / std

samples = expand_dins(face_pixels, axis=0)

yhat = nodel..predict (samples)

return yhat(0]

# load the face dataset

data = load('/content/ tribal marks/data.npz', allow_pickle = True)
traink, trainy, testX, testy = data['arr 0'], data['arr_1'], data['arr_2'], data['arr 3')
print('Loaded: ', trainX.shape, t hape, testX.shape, testy.shape)

# load the facenet model
sodel = load_model("/cor
print('Loaded Model')
# convert each face in the train set to an embedding
newTraink = list()
for face pixels in traink:
enbedding = get_enbedding(nodel, face_pixels)
newTrainX. append(embedding)
newlrainX = asarray(nevTrainX)
print (newTraink. shape)
# convert each face in the test set to an embedding
newTestX = list()
for face_pixels in testX:
enbedding = get_enbedding(nodel, face_pixels)
newTestX. append (enbedding)
newTestX = asarray(nevlestX)
print (newTestX. shape)
savez_compressed (' /content /drive/MyDrive

facenetkeras.h5', compile = False)

ataset/tribal marks/faces-enbeddings.npz', newlrain, trainy, newlestX, testy)

Figure 6: Source code of Face embedding

Hyper-parameters Tuning

A machine learning model requires a number of
parameters to be learned directly from data. Finding the
optimal hyper-parameter is a difficult task, but it can be
accomplished by attempting all combinations and
observing which parameters work best. GridSearchCV is a
Cross Validation

technique for improving

prediction/accuracy results.

from sklearn.model selection import GridSearchCVv
# defining parameter range
param grid = {'Cc': [0.1, 1, 10, 100, 10001,
'gamma': [1, 0.1, 0.01, 0.001, 0.0001],
'kernel': ['rbf']}
grid = GridSearchCV(SVC(), param grid, refit = True, verbose = 3)
# fitting the model for grid search

grid.fit(trainX, trainy)

Figure 7: Source code for Parameter Tuning.

Stratified K Fold Cross Validation

Cross-validation is a data resampling method used to

assess predictive model generalization and prevent

GSJ© 2022

1523

overfitting. Stratified k-fold cross-validation is a variation
on k-fold cross-validation that uses stratified sampling

rather than random sampling.

fron numpy import load
fron nuspy isport expand dins

fron numpy import asarray

fron numpy import savez_compressed
fron keras.models inport load_model

# get the face embedding for one face
def get_enbedding(sodel, face_pixels):

face = face_pirels.astype('floati2')

mean, std = face_pixels.mean(), face_pixels.std()

face pixels = (face_pixels - mean) / std

samples = expand_dins(face_pixels, axis=0)

yhat = nodel..predict (sanples)

return yhat(0]

# load the face dataset
data = load('/content/dr: set/tribal marks/data.npz', allov_pickle = True)
traink, trainy, testX, testy = data['arr 0'), data['arr_1'], data['arr 2'), data['arr 3']
print('Loaded: ', trainX.shape, t hape, testX.shape, testy.sh
# load the facenet model
model = load_model (" /c net_keras.hs', compile = False)
print('Loaded Nodel')
# convert each face in the train set to an embedding
newTrainX = list()
for face_pixels in traink:
eabedding = get_embedding(model, face_pixels)
newTrainX.append esbedding)
newTrainX = asarray(newlrainX)
print (newTrainX. shape)
# convert each face in the test set to an embedding
newTestx = list()
for face pixels in testX:
embedding = get_eabedding(model, face_pixels)
newlestX. append (embedding)
newTestX = asarray(newlestX)
print (newTestX. shape)
savez_compressed ("

marks/faces-exbeddings.npz', newlrainX, trainy, newlestX, testy)

Figure 7: Source code of Cross Validation.

Data Preprocessing

The MTCNN was used to detect and crop the identity

face's bounding box.

7 00 15 150

Figure 8: Preprocessed data

Classification and Evaluation

Based on binary classification, we created two classes:
facial marked faces and unmarked faces. We achieved an
accuracy of 97% for training and 71% for testing after
training our model with 878 training datasets (425 facial
marked images and 453 unmarked images) and 157 testing
datasets (78 facial marked images and 79 unmarked

images). We obtained an accuracy of 81% and 80% for
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both training and testing when we increased the unmarked T el e
2% Precision + Recall 2t0862%091 = gy
images in the training dataset from 453 to 1200 images and FI Seore . = A
Precision + Recall i, 862+ 0.914

from 79 to 125 for the testing set, which we imported from

the Ethnicity Aware Training Dataset. To mitigate the risk
. . . The positive class is facial marked, while the negative

of model overfitting, we decided to use oversampling
) ) ) o class is unmarked. We obtained a precision score of 0.862,

techniques on the marked images, which will increase the
. . indicating that a large proportion of the images predicted

sample number by balancing the dataset. After performing
) ) ) o by the ML model as facial marked images were actually

data augmentation on the marked images in the training
. facial marked images. We also achieved a recall of 0.914,

dataset, we had 844 marked images and 655 unmarked
) . ) ) o which indicated the percentage of actual facial marked

images, totaling 1499 images in our training dataset and
. i . o . images predicted correctly by our ML model out of all the

399 images in our testing dataset, indicating underfitting.

facial marked images submitted to the model.

The next step was to fine-tune our SVM model's
) . ) In an ideal world, our model would have perfect precision

hyperparameters, after which we achieved the desired
. . and recall. In practice, however, there is frequently a

accuracy of 100% for training and 88% for testing. We
) ) tradeoff between the two. The tradeoff is deciding which is

used other evaluation metrics to ensure that there was no
) ) . . more important (false positive or false negative). Given

Overfitting. A confusion matrix was created to provide
) ) ) ) ) ) this tradeoff, it would be very convenient to have a single

detailed information about the classification processes in
) performance metric that takes precision and recall into

our two classes (facial marked and unmarked).

account. We then use another metric known as the F1

TP FN score, which is calculated by taking the harmonic mean of

the two metrics. We got an F1 score of 0.887.

However, Accuracy and F1 scores, while popular, can
214 20 produce misleading results on imbalanced datasets because
they ignore the ratio of positive to negative elements.

Matthews correlation coefficient (MCC) can solve this

problem due to its mathematical properties that incorporate

dataset imbalance and its class swapping invariance[18].

34 177 o e ]
MCC = 0757
VTP FRTE - FNI(TN « FIR[TN + FK)
An MCC score of 0.757 was obtained, which is close to
FP TN one, indicating that both classes were well-predicted.
. We also evaluated our model by performing cross
0 for Facial marked and 1 for unmarked
TP - validation on our training data and represented it in the
Precision = = = 0 8n2 figure below as a learning curve.
TP + FP 204+ 34
T 214
Recall = = = 0014
P+ FM 214+ 20
TP+TN 2144177
Accuracy - = - = L5749
TP4THFP4FN 2417742434
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Learning Curve
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0.6 1 — Training Score
Crossvalidation Score
800 900 1000 1100 1200 1300
Taining Size

Fig 9: Learning curve of our model

This indicated low bias and high variances, indicating the
possibility that increasing the dataset will help improve the
model's performance. We also performed a predictive
analysis on our full dataset using 10 splits, with a
maximum accuracy of 87% and a minimum accuracy of
79%. When we fitted in our test data, we achieved an

accuracy of 88%, which was higher than the maximum.

5. Conclusions and Future Work
This study demonstrated that tribal mark identification can
be used to improve the accuracy of facial recognition
systems and thus be used to overcome facial recognition
bias, with our model achieving an accuracy of 0.879 and
an F1 Score of 0.887. We also evaluated our model using
the Matthews correlation coefficient (MCC), which
produced a score of 0.757, to produce a more informative
and truthful score in evaluating binary classifications than
accuracy and F1 score. We also ran cross validation on our
training dataset and generated a learning curve with low
bias and high bias, indicating that increasing the dataset

size may yield better results.

Soft biometrics were previously regarded as image noise
and were not explicitly used in matching processes. Recent
research has shown that soft biometrics such as moles,
scars, freckles, and so on can be used to improve the
performance of facial recognition systems. Based on the
previous Facial mark recognition model, we proposed a

new tribal mark recognition system that can identify and
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classify images based on tribal marks using one shot
learning architecture. This research would be useful in
tackling the racial disparity in facial recognition as well as
in ensuring that the database against which a face is

matched accurately reflects local demographics.
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