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Abstract. We present a novel clustering algorithm for tag-
ging a face dataset (e. g., a personal photo album). The
core of the algorithm is a new dissimilarity, called Rank-
Order distance, which measures the dissimilarity between
two faces using their neighboring information in the dataset.
The Rank-Order distance is motivated by an observation
that faces of the same person usually share their top neigh-
bors. Specifically, for each face, we generate a ranking or-
der list by sorting all other faces in the dataset by absolute
distance (e. g., L1 or L2 distance between extracted face
recognition features). Then, the Rank-Order distance of two
faces is calculated using their ranking orders.

Using the new distance, a Rank-Order distance based
clustering algorithm is designed to iteratively group all
faces into a small number of clusters for effective tagging.
The proposed algorithm outperforms competitive clustering
algorithms in term of both precision/recall and efficiency.

1. Introduction
The aim of face tagging is to help us to name faces

in our desktop/online photo albums for better photo man-
agement. Today, most practical solutions [15, 19, 20, 23,
24] and commercial systems [2, 1] semi-automatically ad-
dresses this problem by integrating a friendly user inter-
face and advanced vision technologies such as face de-
tection/recognition. Among these works, clustering based
methods [20, 23, 24] are arguably the most effective. In
this kind of methods, the tagging is performed at the cluster
level: automatically group faces into a number of clusters,
and interactively give names to clusters. Therefore, the fun-
damental problem is how to accurately and efficiently group
all faces of the same person into a small number of clusters
(ideally a single cluster).

Because most photos in family album are taken under un-
controlled environments, any clustering algorithms are fac-
ing a few challenges or requirements:

1. Faces in an album usually form a few face clusters in
high dimensional space with varying densities, sizes
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Figure 1. Non-uniform distribution in a face album (Photos are
from Gallagher [10].). d1 and d2 are absolute distances from the
boy in the middle to the center of the two clusters with difference
densities. A clustering algorithm may mistakenly group the boy in
the middle into right cluster because d2 < d1. In this paper, we
show how to use neighboring structure of each face to address this
difficult issue.

and shapes. This non-uniform distribution makes ab-
solute distance (e. g., L1 or L2 distance between two
face recognition features) easy to fail. As shown in
Figure 1, the cluster of the boy is more sparse than the
girl’s cluster. If we use absolute distance on this exam-
ple, the boy’s face in the middle is closer to the girl’s
cluster than to the boy’s.

2. Face detection often returns some faces of no inter-
est or non-faces in the background. Usually, we do
not want to tag these faces. The clustering algorithm
should be able to handel these noises and outliers.

3. The running time of the algorithm should meet the re-
quirement for quick user interaction.

To cope with these issues, in this paper, we propose a
new Rank-Order distance to better measure the dissimilar-
ity between two faces. Different from the absolute dis-
tance, the new distance measures the dissimilarity between
their neighborhood structures. It can well handle the non-
uniform cluster distribution like varying densities, shapes,
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sizes of face clusters. It is also robust to noises and outliers
because the neighborhood structures of these “rare” faces
can be easily revealed by the Rank-Order distance.

Due to the complex face distribution, all faces of the
same person is usually formed by several sub-clusters.
Since these sub-clusters are relatively tight, they can be
robustly identified by the Rank-Order distance by sim-
ple thresholding. However, the connections between sub-
clusters are usually weak and sparse due to disturbances
from variations in illumination, pose, expression, etc. To
tackle this issue, we present a Rank-Order distance based
clustering algorithm to iteratively merge sub-clusters in an
agglomerative way. The clustering algorithm combines a
cluster-level Rank-Order distance and a cluster-level nor-
malized distance. In each iteration step, any two face clus-
ters with small Rank-Order distance and small normalized
distance are merged. In such way, different sub-clusters
from the same person are effectively connected.

1.1. Related work

K-means [12] and spectral clustering [16, 18, 21] are the
most widely used clustering algorithms. However, K-means
is sensitive to the initialization and difficult to handle clus-
ters with varying densities, sizes and shapes. Though spec-
tral clustering can handle the non-uniform distribution well,
its complexity is high and it usually performs poorly with
the existence of noises and outliers. Moveover, both K-
means and spectral clustering require specifying the clus-
ter number from the user, which is inappropriate for face
tagging tasks here.

Agglomerative hierarchical algorithms[3, 17, 14, 11] do
not require pre-defining the cluster number. Starting with
each sample as a cluster, agglomerative hierarchical clus-
tering merges the closest pair of clusters that satisfies some
distance/similarity criteria in each iteration, until no clus-
ter pair satisfies the merge criteria. The only difference be-
tween these algorithms is their various distance/similarity
criteria for merging. For example, we can merge clusters
with the smallest minimum pairwise distance in each it-
eration, or clusters with the smallest maximum pairwise
distance. Based on some more sophisticated merging cri-
teria, algorithms such as DBSCAN[17], CURE[11] and
Chameleon[14] are also proposed. These merging criteria
are usually derived from observations from low dimensional
data sets, and show satisfactory performance on these tasks,
but usually fail to tackle the great challenge from high di-
mensional space[7].

Affinity Propagation[9] has been proposed to explore
the intrinsic data structure by updating passing messages
among data points. Though it can get clustering results with
high accuracy on both low and high dimensional data sets,
the convergence of the algorithm usually requires consider-
able time, and potential oscillation danger sometimes makes

it hard to reach convergence.
Shared Nearest Neighbor method[7] is the closest work

to us. This algorithm defines similarity based on the neigh-
borhood two points share, and defines density based on such
similarity. It then identifies representative/noise points in
the data set through density thresholding. Clusters are fi-
nally formed by connecting representative/non-noise points,
and noises are automatically located. The problem of this
algorithm is its complicated and sensitive threshold param-
eter selection, which makes it unreliable for different data
distribution.

Besides generic clustering algorithms, some specifically
designed algorithms have also been proposed for face tag-
ging. In [20], Tian et al. proposed to tag faces with partial
clustering and iterative labeling. In order to achieve high ac-
curacy, most faces are remained un-grouped, and the sizes
of face clusters are usually small. Therefore, many user
operations are still needed to label all the faces. In [13],
Kapoor et al. suggested integrating match/non-match pair-
wise priori constraints into active learning, in order to give
the best face tagging order. To achieve satisfactory perfor-
mance, this method relies on the amount of available priori
constraints, whose number is usually limited under real face
tagging scenarios.

To compensate the imperfect property of face recogni-
tion feature, a few methods[15, 19, 24] choose to incorpo-
rate extra information such as social context, body, time, lo-
cation, event, and torso identification. As long as such extra
information is available and reliable, we should use them.
But in this paper, we focus on face recognition feature.

2. Rank-Order Distance
In this section, we introduce a new distance, called Rank-

order distance, to measure the similarity of two faces. This
distance is based on an interesting observation: two faces
from a same person tend to have many shared top neigh-
bors, but the neighbors of two faces from different persons
usually differ greatly.

In Figure 2, we generate top neighbor lists for four faces
by sorting absolute distance. Here, we use L1 norm be-
tween extracted face recognition features [4] as the absolute
distance. In Figure 2(a), A and B are faces from different
persons, and their top neighbors differs a lot even though
absolute distance between them is quite small. On the other
hand, A and B in Figure 2(b) are faces from a same per-
son, and their top neighbors resemble a lot. Note that the
absolute distance here cannot distinguish these two differ-
ent cases, while their different neighborhood structures can.
This motivates us to define a new metric to measure the dis-
similarity between the neighborhood of two faces.

Formally, given two faces a and b, we first generate two
order lists Oa and Ob by sorting faces in the dataset ac-
cording to absolute distance, as shown in Figure 3. Next we
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(a) A’s top neighbors ̸= B’s top neighbors

A B
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(b) A’s top neighbors = B’s top neighbors

Figure 2. Top neighborhood lists of two face pairs. (a) from dif-
ferent persons: although B is the second nearest neighbor of A,
their Rank-Order distance is large (=226) since they do not share
too many top neighbors. (b)from the same person: the Rank-Order
distance between A and B is small (=8.5) because their top neigh-
bors are well overlapped. Photos from Gallagher [10].
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Figure 3. Oa and Ob are two order lists which are ranked using
face a and b. The asymmetric distance D(a, b) = Ob(fa(0)) +
Ob(fa(1))+Ob(fa(2))+Ob(fa(3)) = Ob(a)+Ob(c)+Ob(d)+
Ob(b) = 5 + 2 + 4 + 0 = 11.

define an asymmetric Rank-Order distance D(a, b) between
a and b:

D(a, b) =

Oa(b)∑
i=0

Ob(fa(i)), (1)

where fa(i) returns the ith face in the order list of a. For
example, fa(1) refers to face c, the nearest one to face a in
Figure 3. Ob(fa(i)) returns the ranking order of the face
fa(i) in b’s order list. Oa(b) is the order of face b in a’s
order list. Essentially, this distance is the summation of rank
orders of a’s top neighbors in b’s order list, as illustrated in
Figure 3. The small distance means many a’s top neighbors
are also b’s top neighbors, and vice-versa.

We further normalize and symmetrize the distance in

Equation (1) to obtain our final Rank-Order distance:

DR(a, b) =
D(a, b) +D(b, a)

min(Oa(b), Ob(a))
, (2)

where min(Oa(b), Ob(a)) is a normalize (average) factor to
make the distance comparable. This normalization is impor-
tant since D(a, b) is biased towards penalizing large Oa(b).
D(b, a) is defined by switching the roles of a and b. Note
that DR(a, b) doesn’t always satisfy triangle inequity for a
strict distance definition. However, we name it Rank-Order
distance here for convenience.
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(d) t = 20

Figure 4. 2D clustering by Rank-Order distance. We draw an edge
between any two points whose Rank-Order distance is smaller than
the threshold t. Three clusters are robustly discovered under vary-
ing threshold values.

Figure 4 shows a 2D example to demonstrate how the
Rank-Order distance can robustly discover non-trivial clus-
ters. In this example, there exist three natural clusters with
varying densities, shapes and sizes, and noises (outliers).
We plot all edges between points whose Rank-Order dis-
tance is smaller than a given threshold t. It can be seen that
the Rank-Order distance can easily identify three clusters
and is insensitive to threshold values. For comparison, we
also do the same operations with the absolute (Euclidean)
distance on this example in Figure 5. It shows that the
absolute distance is not good for coping with varying den-
sity/shape/size clusters.

3. Rank-Order Distance based Clustering
The above simple clustering method, merging faces with

small Rank-Order distance (below a certain threshold),
works well for 2D examples we introduced. But, itself is
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Figure 5. 2D clustering by Euclidean distance. We draw an edge
between any two points whose Euclidean distance is smaller than
the threshold t. Clusters with varying density/shape/size are chal-
lenging for the absolute distance.

insufficient to handle challenging face tagging problem. In
a real face album, all faces of the same person usually con-
sist of several “sub-clusters”. Inside each “sub-cluster”, the
faces are tightly connected. Between sub-clusters, the con-
nections are often weak and sparse due to variations in illu-
mination, pose, expression, etc.

Simply merging faces with small Rank-Order distance
will result in too many high-precision, tight sub-clusters. To
cope with this difficulty, we present an iterative clustering
algorithm to merge “sub-clusters”, using the combination
of a cluster-level Rank-Order distance and a cluster-level
normalized distance.
Cluster-level Rank-Order distance. To compute the
cluster-level Rank-Order distance, we first need to define
cluster-level absolute distance. Although there are many so-
phisticated cluster (or called image set) distances [5, 22, 8],
we find the closest distance between two clusters is simple
and effective in our experiments:

d(Ci, Cj) = min
∀a∈Ci,b∈Cj

d(a, b), (3)

where a and b are faces in face clusters Ci, Cj respectively,
and d(a, b) is their absolute distance. With the distance
d(Ci, Cj), we then generate the order lists at the cluster
level as described in previous section. Finally, the cluster-
level Rank-Order distance is defined as:

DR(Ci, Cj) =
D(Ci, Cj) +D(Cj , Ci)

min(OCi(Cj), OCj (Ci))
, (4)

where OCi and OCj return the ranking order at the cluster
level, and D(Ci, Cj) and D(Cj , Ci) are computed with (1)
at the cluster level.
Cluster-level normalized distance. When the number of
clusters becomes smaller as the merging goes, the Rank-
Order distance is less meaningful because there is not suf-
ficient and reliable neighboring structure to explore. There-
fore, we add an auxiliary distance to help the merging de-
cision. Note that any global distance or threshold may lead
to poor performance, as we have seen in Figure 1 and 5.
To avoid using global distance, we define a cluster-level,
locally normalized distance:

DN (Ci, Cj) =
1

ϕ(Ci, Cj)
· d(Ci, Cj),

ϕ(Ci, Cj) =
1

|Ci|+ |Cj |
∑

a∈Ci∪Cj

1

K

K∑
k=1

d(a, fa(k)), (5)

where fa(k) returns face a’s kth nearest neighbor, |Ci| and
|Cj | are the numbers of faces in Ci and Cj , K is a constant
parameter, and ϕ(Ci, Cj) is the average distance of faces in
two clusters to their top K neighbors (in the whole dataset).
DN (Ci, Cj) is locally normalized distance which consid-
ers the local density information. Thus, the distances in ei-
ther dense or spare areas can be evaluated under an uniform
scale.
Clustering algorithm. With two defined distances, our
clustering algorithm runs in the following way:

1. Let each face be a cluster.

2. Merge any cluster pair if their Rank-Order distance and
normalized distance are under certain thresholds.

3. Stop if no cluster can be merged; otherwise update
clusters and cluster distances, and go to 2.

The detailed description of the algorithm is shown in Algo-
rithm 1. Besides forming some face clusters, the algorithm
also outputs an “un-grouped” face cluster Cun which con-
tains all individual faces that can not be merged.

Take the task in Figure 1 for instance, our algorithm can
successfully find the desired two clusters in two steps. In
the first step, the boy’s and girl’s clusters will be found, but
the boy in the middle remains un-grouped due to big Rank-
Order distance. In the second step, the normalized distance
will favor merging the un-grouped boy into the the sparse
cluster of boy rather than the dense cluster of girl.

For a practical implementation, we may not need to ex-
amine all pairs. We find that only considering the pairs
between each cluster and its top neighbors (e. g., 20) is
often sufficient. The results are not greatly affected by this
method. Therefore, the main computational cost of the clus-
tering algorithm is to compute the pairwise absolute dis-
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Algorithm 1 Rank-Order distance based clustering
Input:

N faces, Rank-Order distance threshold t.
Output:

A cluster set C and an “un-grouped” cluster Cun.
1: Initialize clusters C = {C1, C2, ..., CN} by letting

each face be a single-element cluster.
2: repeat
3: for all pair Cj and Ci in C do
4: Compute distances DR(Ci,Cj) by (4) and

DN (Ci, Cj) by (5).
5: if DR(Ci, Cj) < t and DN (Ci, Cj) < 1 then
6: Denote ⟨Ci, Cj⟩ as a candidate merging pair.
7: end if
8: end for
9: Do “transitive” merge on all candidate merging pairs.

(For example, Ci, Cj , Ck are merged if ⟨Ci, Cj⟩ and
⟨Cj , Ck⟩ are candidate merging pairs.)

10: Update C and absolute distances between clusters by
(3).

11: until No merge happens
12: Move all single-element clusters in C into an “un-

grouped” face cluster Cun.
13: return C and Cun.

tance and to sort each face’s neighborhood. Its time com-
plexity is O(N2).

4. Experimental Results

Figure 6. From top to bottom, five rows are example faces from
MSRA-A, Easyalbum, Gallagher, MSRA-B and non-faces due to
false face detection.

Database #faces #persons #noises
MSRA-A 1,322 53 166
Easyalbum[6] 1,101 30 26
Gallagher[10] 829 27 20
MSRA-B 489 6 32

Table 1. Number of faces, persons and noises in the four albums.
Noises refer to faces of no interest or non-faces due to false face
detection. The number of persons excludes persons of no interest.

In this section, we evaluate our algorithm on four face al-
bums and provide comparisons with other competitive clus-
tering algorithms. Four face albums are: two public al-
bums Easyalbum[6] and Gallagher[10], and two our own
albums, MSRA-A and MSRA-B, contributed by our col-
leagues. MSRA-A contains daily photos of our colleague
and a lot (> 50) of his friends; Easyalbum is a family al-
bum for a child growing from baby to kid, and his family
and friends during those years; Gallagher is a family album
containing photos from three children, other family mem-
bers and their friends; MSRA-B contains traveling photos
of our colleague and a few of his friends. Some face exam-
ples are shown in Figure 6 and statistics of each album are
listed in Table 1. In all four test data sets, there exist faces
of no interest (e.g. faces in the background) and non-faces
due to false face detection, and we define them as noises in
the data.

4.1. Evaluation metrics

A good clustering result should have the following prop-
erties: the majority of faces in each cluster should belong
to a same person; each cluster should contain as many
faces as possible; most noises including faces from per-
sons of no interest and non-faces should remain un-grouped.
Therefore, given a clustering result, a face cluster set C =
{C1, C2, ..., CL} and“un-grouped” cluster Cun, we evalu-
ate it in the following way.

The precision of each face cluster is important because
we do not want to let the user pay much attention to correct
any mis-grouped faces in every cluster. We define a global
Precision of all clusters as:

Precision = 1−
∑L

i=1 |#Mi|∑L
i=1 |Ci|

, (6)

where |#Mi| is number of mis-grouped faces in Ci.
We also want to include as many non-noise faces as pos-

sible in the face clusters but not in the un-grouped cluster.
We define Recall to measure how many non-noise faces are
grouped:

Recall =

∑L
i=1(|Ci| − |ni|)
|F | − |#noise|

, (7)

where |ni| is the number of noise faces in Ci, |#noise| is
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Database
Affinity Propagation SNN Rank-Order

p = 0.9 p = 1.1 p = 1.3
P R CR P R CR P R CR P R CR P R CR

MSRA-A .97 .85 3.07 .84 .98 5.61 .77 .98 7.81 .98 .32 4.20 .98 .87 7.02
Easyalbum .98 .87 3.07 .88 .99 5.77 .83 .99 8.51 .98 .22 4.57 .98 .89 7.56
Gallagher .97 .85 3.41 .81 .99 8.97 .78 .99 13.8 .97 .18 5.96 .97 .86 9.12
MSRA-B .99 .87 3.50 .91 .99 6.64 .88 .99 12.5 .95 .15 3.75 .99 .93 19.8

Table 2. Comparison of Affinity Propagation, Shared Nearest Neighbor, and our algorithm. At the same Precision (P) level (around 98%),
our algorithm is clearly superior in both Recall (R) and Compression Ratio(CR).

the number of noises in the album, and |F | is the number of
all faces(including noise faces) in the album.

Since the size of each cluster directly determines how
many faces can be tagged by one user operation, we define
a Compression Ratio to measure the average size of all clus-
ters:

Compression Ratio =
1

L

L∑
i=1

|Ci|. (8)

The higher Compression Ratio is, the less user interaction
is required.

For completeness, we also use general clustering quality
metric, Normalized Mutual Information (NMI), to evaluate
different clustering algorithms. NMI takes Precision, Re-
call and Compression Ratio all into account and is calcu-
lated as:

NMI(Ω,C) =
I(Ω,C)√
H(Ω)H(C)

, (9)

where Ω is the ground truth cluster set, H(Ω) and H(C)
are the entropies for cluster sets Ω and C, and I(Ω,C) is
the mutual information between Ω and C.

4.2. Results

Our clustering algorithm contains two parameters, Rank-
Order distance threshold t, and the number of top neighbors
K in Equation (5). We set K = 9 and t = 14 in all exper-
iments. In Figure 7, some face clusters and the un-grouped
cluster generated by our algorithm on Gallagher album are
shown. As we can see, faces from a same person with large
variations can be correctly clustered, and some noises and
outliers are automatically put in the un-grouped cluster.

We compare our algorithm with Affinity Propaga-
tion(AP) [9], Spectral Clustering(SC)[16], Shared Nearest
Neighbor(SNN)[7] and K-means(KM)[12]. For all cluster-
ing algorithms, we use the same learning-based descriptor
[4] for face representation and the same L1 distance be-
tween face representations as the absolute distance.

4.2.1 Comparison with AP and SNN

For AP, we set its preference parameter to p×median(S),
where p is scale factor and median(S) is the median of

…

Face clusters:

…

Un-grouped cluster:

...

…

…

Figure 7. Some face clusters and un-grouped cluster generated by
our algorithm on Gallagher album.

all pairwise similarities. By changing p, we report the re-
sult of AP in Table 2. In SNN1, there are five parame-
ters: neighborhood size M , weak-link threshold tw, repre-
sentative point threshold tr, noise threshold tn, and merge
threshold tm. We tune these parameters to obtain the best

1Code available at http://www-users.cs.umn.edu/ ertoz/snn/.
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Figure 8. Results for Compression Ratio vs. Precision on the four
albums.

result we can get. The results of SNN around 98% Precision
level are also given in Table 2.

By viewing the result, we can see that under the same
Precision(around 98%) level, our algorithm outperforms
AP a little in Recall, and significantly in Compression Ra-
tio. Although the Compression Ratio of AP can reach the
same level when we use a large p = 1.3, the Precision will
become too low to be acceptable in the real application.
For SNN, in order to achieve high Precision, we must set
a very strict merging threshold, which leads to low Recall
and Compression Ratio.

4.2.2 Comparison with KM and SC

Because the majority of clusters produced by K-Means
(KM) and spectral clustering (SC) often contain more than
one face, the Recall of KM and SC is nearly 1 especially
when the cluster number is small. Therefor, we only com-
pare Precision vs. Compression Ratio. We plot Compres-
sion Ratio against Precision curves in Figure 8 on all the al-
bums for KM, SC, and our algorithm. Given different clus-
ter numbers on each album, in KM, we select best one from
100 runs; in SC, we select the best result under different
scale parameter σ [18] in calculating the pairwise similar-
ity. For our algorithm, we plot results by varying t ∈ [4, 20]
with interval of 2 when K = 9.

Viewing Figure 8, while KM and SC can achieve accept-
able Precision when cluster number is large, the Compres-
sion Ratio is low. If we decrease the cluster number for SC
and KM, its Precision will fall due to inability of handling
noises and outliers which should be un-grouped but in fact
are mistakenly merged with other faces due to limited num-
ber of cluster. Meanwhile, our algorithm achieves a good
balance between Precision and Compression Ratio.

4.2.3 NMI evaluation

Database KM SC RO AP SNN
MSRA-A .675 .678 .787 .693 .750
Easyalbum .545 .525 .705 .573 .559
Gallagher .565 .535 .744 .599 .573
MSRA-B .673 .677 .827 .628 .555

Table 3. NMI for different algorithms on four albums. RO stands
for our Rank-Order distance based clustering algorithm.

Finally, we use NMI as in (9) to evaluate the performance
of all algorithms at the same time. NMIs in Table 3 are
computed with the best clustering results of each algorithm.
Our algorithm can achieve consistent superior performance
on all albums with highest NMI.
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4.3. Runtime

As mentioned in Section 3, we need not examine all
pairs for DR(Ci, Cj) and DN (Ci, Cj), and we only con-
sider pairs between each cluster and its top neighbors(e.g.,
20). The time complexity of our algorithm is O(N2). In
Figure 9, we plot the runtime of all algorithms under dif-
ferent data size. Every plotted point is the average of 20
runs. The pairwise absolute distance computation time is
not added in the result.
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Figure 9. Runtime comparison.

5. Conclusion
We present a novel Rank-Order distance and an iterative

clustering algorithm built on the distance. The Rank-Order
distance is better for handling data distribution with varying
densities/shapes/sizes, and noise/oulier. On the face tag-
ging problem, we see the superior performance by this al-
gorithm. Since the core distance and algorithm are generic,
we are planning to study their values in more computer vi-
sion problems.
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