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The task of re-identification (ReID) is defined as the recognition of the
same individual at different times and locations. State-of-the-art tech-
niques share two very strong assumptions: the total number of people in
the scene is known a priori, and there exists a total overlap of identity be-
tween a camera pair, that is, every person appears in both camera views.
This is unrealistic for real-world re-identification scenarios, when there is
no prior information about the same people reappearing in the scene at
different views. We refer to this unconstrained setting as the ‘open world’
ReID problem. The open-world problem is more challenging for two rea-
sons: (i) the total number of unique people within each camera and the
scene as a whole (cross-cameras) are both unknown, and (ii) each subject
may appear in some unknown subset of the cameras.

In this paper we consider for the first time the most general open-
world re-identification problem. To address this, we introduce a new Con-
ditional Random Field (CRF) model, making three important contribu-
tions: (1) No label information is needed a priori, allowing the system to
detect when a new person enters the camera network; (2) An ‘open world’
solver, that is, the model does not assume that a person will (re)appear in
every camera; and (3) Producing a person count as a byproduct. Our ap-
proach provides generality that is lacking in existing state of the art closed
world ReID solutions.

The objective of the CRF is to assign the most likely correct assign-
ment of multiple id labels simultaneously to all the nodes in the CRF. We
assume as input a set of N observations X = {xi}N

i=1 across different cam-
era views. Each observation xi = {ci, ti,pi,vi,ai} consists of: A camera
ci making the detection; the time of detection ti (we assume cameras are
synchronized); the image position pi and velocity vi where the person was
detected; and an appearance feature ai from the detection bounding box.
The re-identification task is to correctly assign identity labels L= {li}N

i=1,
l ∈ 1 . . .L to all detections..

To address this task we propose a CRF G = {V,E}, where each node
corresponds to a person detection (observation) V = {vi = xi}. Each edge
corresponds to a similarity between nodes/persons E = {ei j = (vi,v j)},
and the label of each node corresponds to the identity of that person/detection.
Our aim is to find the set of labels L that best fits all the observations X ,

L∗ = argmin
L

(
∑

i
U(li|X )+∑

i j
B(li, l j|X )

)
, (1)

where U(li|X ) and B(li, l j|X ) denote unary and pairwise energy func-
tions, respectively. Our algorithm proceeds in two steps, as explained in
Algorithm 1. First, we solve the CRF allowing connections only between
detections within the same camera. Second, we use that solution as an
initial condition to build the connections between different cameras, cre-
ating the final CRF model. The structure and parameterisation of CRF at
each stage is the same. We only increase the information included.

To evaluate our contribution, we focus on the challenging SAIVT-
Softbio database [1], that includes 150 people recorded using 8 different
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Figure 1: CRF illustration. In the first step, only detections within the
same camera are connected. In the second step, a restricted connection
between cameras is allowed.

Input: Detections X
Output: Associations between detections L
begin

Compute within camera weights W and U ,
Solve the CRF Eq (1) with Alpha-expansion
Solve Initial Hungarian to obtain H,
Compute across camera weights W and U
Solve the CRF Eq (1) with Alpha-expansion

end
Algorithm 1: Overview of CRF algorithm for open-world ReID.

Table 1: Re-identification among three cameras from SAIVT (3, 5 and 8).
F1-Score Precision Recall

Naive RankSVM 26.2% 22,0% 42,1%
Naive KISS 29.5% 19.7% 66.1%

RankSVM+CRF 42.0% 53.7% 39.4%
KISS+CRF 48.3% 50.3% 49.8%

cameras. Different people appear in different subsets of the cameras.
Our contribution is agnostic to the appearance feature, and the base

pairwise matching model used. To test our methodology, we consider
the ELF [4] feature along with RankSVM [2, 4] and KISS [3] pairwise
models. Furthermore, spatial and temporal information are included as
information between cameras. As we address the open world problem
with no prior information about the number of people or their camera
overlap, no existing models directly apply. For baselines, we therefore
define a more conventional ‘engineering’ generalisation to open world
based on thresholding pairwise RankSVM and KISS scores.

To evaluate the performance of open-world problems the conven-
tional CMC metric is insufficient. We therefore apply statistical analysis
techniques. Given the final and ground truth labels, L∗ and Lgt , we eval-
uate all pairs. If two nodes have the same label in Lgt and in L∗, it is a
true positive; if they have different labels a true negative, and so on.

According to the obtained results (Table 1), our CRF model is more
robust, as evidenced by its maintenance of high precision values. More-
over, it improves both of the base methods it is paired with. Because of
the dichotomy between obtaining high precision and high recall, we con-
clude that the F-Score is the best overall metric to validate an open-world
ReID algorithm.

A byproduct of open-world inference is a person count. Table 2 shows
the estimated number of unique people among the approximately 600 de-
tections across all three cameras. The estimated number of people along
with the standard deviation of the estimate over multiple runs are given. In
each case our framework improves on the baseline result, with KISS+CRF
obtaining the best and most stable estimate.

Table 2: Inferring the number of distinct people in the dataset.
GT Naive RankSVM Naive KISS RankSVM+CRF KISS+CRF
48 61±17.6 57.8±11.2 65±13.2 54.1±7.9
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