Unsupervised Face Recognition in Television News Media

Anirudh Jain * Matthew Sun * Cherry Zou *

Abstract
Recently, the impact of mass media has become a
contentious issue in American society. It has become increasingly clear that the media does not
only communicate stories; instead, it shapes, fuels, and participates in the news itself. Some of
the central issues when discussing mass media
are identity and representation: who gets to communicate the news, and who is typically on display in the media, particularly on TV? To answer
these questions, we apply unsupervised learning
methods to television news broadcast video from
the Internet Archive to identify and cluster faces
based on unique personal identity. In particular,
we evaluated the effectiveness of k-means, Gaussian mixture models, rank-order clustering, and
DBSCAN using both qualitative and quantitative
metrics, including silhouette score and inertia.

1. Introduction
Recently, the role of the mass media in shaping public perceptions at scale has come under increasing scrutiny. Notably, many of the questions researchers wish to ask about
mass media revolve around the question of who, or making
conclusions based on the identifying unique individuals on
screen. Some examples: identifying the person with the
most screentime in a given month or analyzing representation in media by gender and race. These are tasks for which
distinguishing between individuals who appear in the media is prerequisite.
In September 2012, the Internet Archive launched the TV
News Archive, a repository of 500,000+ TV news broadcasts aired since 2009 (2017). Closed captions are also provided alongside the video, allowing for richer interactions
with the video data. Researchers hope to enable users to
ask identity-based queries about this data, such as who appeared on Fox News and discussed immigration the greatest number of times in January.
The goal of our project is to automatically recognize and
cluster unique faces in television news media. Unsupervised learning is the best particularly well-suited for this
task, since the input to our algorithm is a TV news broad-

cast video, potentially supplemented by a closed captions
text file, and our output a clustering of all faces which appear in the video by identity. To do so, we first run the
input through a preprocessing pipeline, which consists of
first extracting frames from the video and detecting and
aligning faces using a neural network. To generate the vectorized face embeddings, we use FaceNet, and additionally
attempted to use n-gram features from closed captions to
augment the vector. For clustering, we used unsupervised
learning techniques, including k-means, Gaussian mixture
models, rank ordering, and DBSCAN.
It should also be noted that portions of this final project reported in this paper were performed with respect to another
class, CS221. In particular, the text feature augmentation
and baseline analysis portions of the project were part of
our project for CS229. Though some of these results are
noted for comparative analysis in this paper, we believe the
nature of those two aspects are more in line with CS221.

2. Related Work

The above table lists prior work on face clustering with the
face representation and clustering algorithm used as well as
the largest dataset size used in terms of face images and the
number of subjects. Ho et al. (2003) developed variations
on spectral clustering by computing the probability that two
face images are of the same object. Zha et al. (2006) clustered personal photograph collections by combining a variety of contextual information including time based clustering, and the probability of faces of certain people to appear
together in images. They also used identity estimates from
a Hidden Markov model, and hierarchical clustering results based on body detection. Cui et al. (2007) developed
a semi-automatic tool for annotating photographs, which
employs clustering as an initial method for organizing photographs. They extracted features from detected faces, and
color and texture features were extracted, and then spectral
clustering was performed and evaluated on a dataset consisting of 400 photographs of 5 subjects.
Tian et al. (2007) refined this approach by incorporating a
probabilistic clustering model which used a junk class that
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allowed the algorithm to discard clusters that do not have
tightly distributed samples. Zhu et al. (2011) developed a
dissimilarity measure based on two faces being in each others nearest neighbor lists, and perform hierarchical clustering based on the resulting rank-order distance. However,
this clustering method was evaluated on small datasets (approximately 1, 300 face images).
To the best of our knowledge, our study is the first to attempt to do unsupervised identity clustering on a largescale (80,000 images) and the first to actually run it on TV
and news footage. From the literature review, it is clear
that most studies used pre-extracted faces rather than using
videos as our work does. Moreover, the 128-byte feature
extractors we use are significantly smaller than the features
employed in other studies allowing for higher efficiency
and scalability.

3. Dataset and Features
We take our data from the TV News Archive (Archive,
2017). Specifically, we use 30 hours of color video (translating to 99,990 frames) with closed captions from Fox
News, CNN, and NBC during the six months leading up
to the 2012 and 2016 presidential elections. We apply unsupervised learning, so there is no need to separate our
data into training vs. dev datasets. Instead, we designate 3
randomly-selected hours of video as training examples and
designate the remaining 27 hours of video as testing examples. We choose this ratio of training-testing examples
because our limited computing resources prohibit a larger
training dataset.
To discretize our data, we use FFmpeg to extract one frame
per second of video. The resulting frames are 640 x 480
pixels, stored together as .png files. We take the frames
and run them through our feature extraction pipeline (detailed in methods) which consists of a multi-task cascading convolutional network (Zhang et al., 2016) that detects
and aligns faces and a deep convolutional network called
FaceNet (Schroff et al., 2015) which takes the aligned
faces and generates a 128-byte feature vector for each face.
These final feature vectors are used in the clustering algorithms.

Figure 1. Face Extraction Pipeline

Closed captions are already discretized in our input data,
in which each text phrase is mapped to one range of timestamps. We create a new mapping: for each second s in a
time range, we map s to the text phrase associated with that
entire range. We then extract character bigram frequen-

cies from each phrase, using our own Python scripts with
scikit-learn libraries. We further apply term frequencyinverse document frequency (tf-idf) weighting to reweight
count features. A high tf-idf value indicates high term frequency and low document frequency in the larger corpus.

4. Pipeline Methods
This study utilized two methods to transform frames into
unique feature vectors for the clustering algorithms.
4.1. Multi-task Cascaded Convolutional Network
We used a pre-trained multi-task cascaded convolutional
neural network (MTCNN) to detect and align the faces
(Zhang et al., 2016). The MTCNN framework uses a cascading structure with three stages of deep convolutional
networks that predict face and landmark location. Given an
image, it is initially resized to different scales to build an
image pyramid, which is given as the input for the threestage cascaded framework. In stage 1, a convolutional network called Proposal Network (P-Net) obtains the candidate windows and their bounding box regression vectors.
After that, estimated bounding box regression vectors are
used to calibrate the candidates. Finally, a non-maximum
suppression (NMS) is used to merge highly overlapped
candidates. In stage 2, all candidates are inputted into a
CNN, called Refine Network (R-Net), which further rejects
a large number of false candidates, performs calibration
with bounding box regression, and NMS candidate merge.
In stage 3, the network describes the face in more details
and outputs five facial landmarks positions along with the
aligned and cropped image.

Figure 2. MTCNN Pipeline

4.2. FaceNet Embedding Generation
Taking the aligned images generated by the MTCNN, we
then sought to generate feature vectors corresponding to
each face where vectors would be close in distance if two
faces were similar/same and far apart if two faces were different. To do this, we used FaceNet, a pre-trained convolutional neural network that directly learns a mapping
from face images to a compact Euclidean space where distances directly correspond to a measure of face similarity
(Schroff et al., 2015). The method uses a deep convolutional network which is trained using triplets of roughly
aligned matching / non-matching face patches generated
using a triplet mining method. The generated feature vectors were used in all clustering algorithms.
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5. Clustering Methods
We experiment with four clustering algorithms: (1) kmeans, (2) GMMs, (3) rank-order, (4) DBSCAN, and (5)
DBSCAN + k-means.
5.1. K-Means
The k-means clustering algorithm alternates between (1)
assigning training examples to the nearest centroid and (2)
setting centroids to the average of all assigned examples.
Formally,
Repeat until convergence:

We initialize parameters using k-means, as random initialization performed poorly in comparison.
5.3. Rank-Order
Rank-Order is a form of agglomerative hierarchical clustering, meaning all training examples initially represent different clusters and are iteratively merged together. In our specific implementation, we use the following distance metric:
D(a, b) =
where
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Centroids are typically initialized randomly, but we instead
use k-means++ (Bahmani et al., 2012) to choose initial centroids.
5.2. Gaussian Mixture Models (GMM)
We model each training example as originating from one
of k Gaussian distributions. Formally, we specify the
joint distribution p(x(i) , z (i) ) = p(x(i) |z (i) )p(z (i) ), where
z (i) ∼ M ultinomial(φ) and x(i) |z (i) = j ∼ N (µj , Σj ).
This latent random variable z (i) can take one of k values
and identifies the Gaussian from which x(i) was drawn.
We use the Expectation-Maximization algorithm to estimate our parameters φ, µj , Σj . The EM algorithm alternates between (E-Step) estimating the values of z (i) and
(M-Step) updating the parameters of our model based off
those estimates. Formally,
Repeat until convergence:
(E-Step) For each i, j, set
(i)

wj := p(z (i) = j | x(i) ; φ, µ, Σ)
(M-Step) Update the parameters:
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fa (i) is the i-th nearest face to a, Ob (fa (i)) gives the rank
of face fa (i) in face b’s neighbor list, and Ib (x, k) is 0 if
face x is in face b’s top k nearest neighbors and 1 otherwise.
The algorithm then (1) finds the k-nearest neighbors for
each face a, (2) computes pairwise distances D(a, b) between a and its top-k neighbors, and (3) transitively merges
all (a, b) with distances below a given threshold. It repeats
these steps until no further pairwise distances fall below
this threshold.
5.4. Density-Based Spatial Clustering of Applications
with Noise (DBSCAN)
The objective of DBSCAN is to cluster together highdensity regions and mark low-density regions as noise. The
algorithm takes two parameters: , a distance parameter,
and minP ts, the minimum number of points required to
form a dense region. For each training example x, the algorithm then (1) retrieves all n points within an  radius of
x, (2) either adds all n points and their respective clusters
to a new cluster if n ≥ minP ts or marks x as noise if
n < minP ts. Note that a point marked as noise can still
be assigned to a future cluster.
As a modification, we initialize each training example as
being its own unique assignment. Then instead of labeling
a point as noise, we simply leave its original assignment
unchanged. This ensures that every face eventually gets assigned to some unique identity. Moreover, we iteratively
test out various epsilon values for optimization and choose
the epsilon value which yields the highest silhouette coefficient as a parameter (i.e. tuning our hyperparameters).

wj x(i)
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,
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Pm
(i)
i=1 wj

5.5. DBSCAN + K-Means
In this novel algorithm, we run DBSCAN on top of clusters
already produced by k-means. In other words, we initialize each training example using the assignments given by
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k-means. We undershoot k when running k-means, then
choose an optimal  to break apart too-large clusters. For
each individual cluster generated by k-means, we find the
optimal epsilon (based on silhouette coefficient) to run DBSCAN on the cluster. Thus, each DBSCAN run is optimized for each individual cluster and we achieve highly
refined and distinct clusters. This provides an automated
method to approximate the number of identities or clusters
(i.e. k) in contrast to k-means.

Using the stronger k-means algorithm, we now augment
our feature vectors with text features. See Figure 4.

6. Results and Discussion
We ran all clustering algorithms over the training data and
the highest-performing algorithm over the testing data.
We use the silhouette coefficient as our primary evaluation
metric, where a higher silhouette coefficient is more preferred. This metric is defined for each sample x as
s=

b−a
,
max(a, b)

where a is the mean distance between x and all other points
assigned to the same centroid, and b is the mean distance
between x and all other points of the next nearest cluster.
6.1. Training Results
For both k-means and GMMs, we used maxIters = 10,000
and defined convergence as a difference in total loss of
0.0001. For every value of k from 0 to 1000 (increments
of 50), we perform 10 runs with different centroid seeds
and record the best run in terms of inertia. Using FaceNet
embeddings as feature vectors, we produce Figure 3.

Figure 4. Silhouette Coefficients for k-Means with Combined
FaceNet and Text Features

Surprisingly, the addition of text features resulted in much
lower silhouette coefficients and higher inertia scores
across all k, showing that performance suffered. We believe this is because our specific text features were very
sparse and not diverse enough to represent a unique identity. We use only FaceNet embeddings as features for the
remainder of our results.
In a large-scale application, such as over our testing dataset,
it is impractical to manually count the correct parameter k.
This led us to pursue rank-ordering and DBSCAN algorithms, which do not require a given k.
Rank-order does not lend itself well to quantitative evaluation metrics, as there are no centroids. Qualitatively, the
algorithm generated one extremely large cluster of 3551
faces and hundreds of clusters with no more than 10 faces.
Upon manual observation of the 3551-large cluster, we observed more than 15 unique identities, a sampling of which
are shown in Figure 5.

Figure 3. Silhouette Coefficients for k-Means and GMMs with
FaceNet Features

Figure 5. Faces in 3551-Large Cluster Generated by Rank-Order

A manual count over our training data yielded 411 unique
faces. We thus compare results at k = 411 and find that
k-means yielded higher silhouette coefficients not only at
k = 411, but in the entire surrounding range of 300 ≤ k ≤
500 (Figure 3). We conclude that k-means performs better
on this task, likely indicating that our face images were not
well-modeled by Gaussian distributions.

Results from DBSCAN are shown in Figures 6.1, 6.1.
Rather than varying k, we vary  for DBSCAN, testing all
values from 0.0 to 1.0 in increments of 0.05. Our highest silhouette coefficient is generated at  = 0.6, while
 = 0.45 generates k = 350, the closest number of clusters
to our true k = 411. As opposed to k-means, DBSCAN allows us to find an optimal neighborhood distance () which
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Figure 6. Left: Silhouette Coefficients for DBSCAN; Right:
Number of Clusters outputted by same

can approximate the number of clusters. Also, the silhouette coefficients generated by DBSCAN were comparable
to those generated by k-means (slightly lower) and manual
inspection confirmed the authenticity of the clusters. However, it appears that optimizing for epsilon with DBSCAN
caused the algorithm to under-predict the number of clusters and cause some clusters to contain multiple identities.
As a final experiment, we run DBSCAN + k-means to
achieve the high performance of k-means without having
to specify k by utilizing DBSCAN. Results shown in Figures 6.1, 6.1 demonstrate the significant improvement that
this algorithm achieves in silhouette coefficient over just kmeans. Manual inspection of the clusters (largest, medium
and smallest) confirmed that DBSCAN + k-means was indeed separating the photos by identity.

Figure 7. Left: Silhouette Coefficients for DBSCAN + k-Means
(Green = k-means, Blue = DBSCAN + k-means); Right: Number
of Clusters outputted by same

6.2. Testing Results
We run only our highest-performing algorithm, DBSCAN,
on the testing dataset. To quicken the process, we use maxIters = 5,000 but otherwise leave all parameters from our
training trials unchanged. Results and sample clusters are
shown in Figures 8, 9. By manual inspection, we noted that
one cluster achieved 91.3% precision.

7. Conclusions and Future Work
Through our work, we have shown the feasibility of clustering a large collection of unlabeled face images (methods
tested with up to 81,000 faces or 30 hours of video) into

Figure 8. Number of Clusters outputted by DBSCAN over Testing
Dataset (81,000 faces)

Figure 9. Sample Clusters Generated by DBSCAN

an unknown number of identities. This problem is critical
as a first step in organizing a large collection of unlabeled
face images in order to allow researchers to ask relevant
and pressing identity-based queries of television and news
footage. We acknowledge that clustering accuracy is difficult to measure given large quantities of unlabeled data, but
manual inspection revealed high level of precision and recall for DBSCAN. Indeed, multiple clusters reached a level
of 100% precision.
The best clusters are generated by the DBSCAN clustering algorithm. Upon manual inspection, the clusters produced by the algorithm corresponded reasonably well to
true identities. To evaluate the quality of the clustering, we
used silhouette coefficient as a metric of clustering quality
as well as manual examination of the largest, median and
smallest clusters to determine if the silhouette coefficient
accurately indicated cluster quality. Experimental results
showed that DBSCAN and k-means were extremely effective for both smaller scale data (10,000 faces) and largescale data (81,000 data). From both datasets, the algorithms yielded high-quality, homogeneous clusters.
As future work, we would first experiment further with feature selection, perhaps including more detailed representations of the closed captions. We would also investigate
temporal-based features to automatically cluster images in
adjacent frames. Other areas for further investigation include optimizing automatic selection of the number of clusters (choosing the correct k) by further refining DBSCAN
and k-means, especially in concert, as well as improving
clustering accuracy by further tuning hyperparameters.
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8. Contributions
We believe that all members contributed valuably and
equally. In terms of coding, Anirudh implemented kmeans and DBSCAN, Cherry implemented GMMs and
ran FaceNet feature extractions, and Matthew implemented
rank-order and text feature extractions. Together, we also
researched, met advisors, designed trials, pre-processed
data, talked through implementations, interpreted results,
and wrote this paper.
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