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ABSTRACT

It is now possible to collect hyperspectral video sequences
(HVS) at a near real-time frame rate. The wealth of spec-
tral, spatial and temporal information of those sequences is
particularly appealing for chemical gas plume tracking. Ex-
isting state-of-the-art methods for such applications however
produce only a binary information regarding the position and
shape of the gas plume in the HVS. Here, we introduce a
novel method relying on spectral unmixing considerations to
perform chemical gas plume tracking, which provides infor-
mation related to the gas plume concentration in addition to its
spatial localization. The proposed approach is validated and
compared with three state-of-the-art methods on a real HVS.

Index Terms— Spectral unmixing, object tracking, hyper-
spectral video sequence, chemical gas plume tracking.

1. INTRODUCTION

Thanks to the recent advances in sensor design, it is now pos-
sible to acquire hyperspectral video sequences (HVS) at near
real-time frame rates. The temporal information additionally
provided by such sequences, with respect to traditional hy-
perspectral imagery, is particularly appealing to monitor both
spectrally and spatially transient phenomena. There is how-
ever a need to adapt classical hyperspectral processing tools to
handle equally the spectral, spatial and temporal information
contained in HVS.
Chemical gas plume tracking is a particular application that
would benefit from the development of such adapted tools. As
a matter of fact, this application is of interest for several real
life scenarios, such as the detection of gas leaks in pipelines in
order to minimize their impact on the environment [1], or to
prevent the use of chemical weapons in a context of defense
and security [2]. Most gases are in practice invisible to the
human eye and respond only in a restrained portion of the
long-wave infrared (LWIR) domain, hence the necessity of a
fine sampling of the electromagnetic spectrum. The gas plume
to monitor may in addition be very volatile and diffuse in a
short lapse of time. Real-time HVS therefore appears as the
most suited type of imagery for such tracking applications.
State-of-the-art methods devoted to the tracking of gas plumes

in HVS can be divided into three categories. Statistical meth-
ods consider the gas plume as anomalous with respect to the
background and make use of anomaly detectors, see [3–5] and
references therein. Clustering-based methods aim at separating
the plume from the background thanks to their spectral dissim-
ilarities [6–8]. Object tracking approaches combine temporal
information and object detection methods to iteratively track
the plume through the sequence [9, 10]. To the best of our
knowledge however, all existing methods retrieve the position
and shape of the plume in all frames of the HVS in a binary
fashion, and none of them integrate the information related
to its concentration. We propose to bridge this gap here by
presenting a novel method for gas plume tracking that relies
on spectral unmixing considerations, therefore providing this
additional knowledge about the plume concentration.
The rest of this paper is organized as follows: section 2 recalls
the basics of spectral unmixing and introduces the notations
used throughout. Section 3 features the proposed unmixing-
based tracking method. Results are presented in section 4
while conclusions and perspectives are drawn in section 5.

2. DEFINITIONS AND NOTATIONS

2.1. Spectral unmixing

Let X ∈ RNλ×Np be a hyperspectral data cube composed of
Np pixels and Nλ wavelengths. The goal of spectral unmixing
is to factorize X as the product of an endmember matrix E ∈
RNλ×d with a fractional abundances matrix Φ ∈ Rd×Np , plus
a noise matrix N ∈ RNλ×Np , with d being the number of
endmembers:

X = EΦ + N . (1)

Falling in the scope of the linear mixing model [11], each pixel
spectrum x is therefore written as a linear combination of the
various endmember spectra ei (corresponding to pure macro-
scopic elements) weighted by their corresponding fractional
abundances φi plus some noise:

x =

d∑
i=1

φiei + η , (2)

with the fractional abundances subjects to positivity (φi ≥
0 ∀i) and sum-to-one (

∑d
i=1 φi = 1) constraints (see [12] for



an overview of spectral unmixing methods).
The quality of the unmixing process for a given pixel is fre-
quently evaluated by the root mean square error (RMSE) be-
tween the true pixel spectrum x and x̂ =

∑d
i=1 φiei, recon-

structed using the induced endmembers and abundances:

ε(x, x̂) =
1√
Nλ
‖x− x̂‖2 (3)

2.2. Hyperspectral video sequences

Manipulating HSV implies to handle the temporal dimension
in addition to the spectral and spatial ones. For this purpose,
Xt will refer to the hyperspectral image acquired at time t,
where the temporal axis has been discretized following the
HSV frame-rate: Xt+1 will therefore correspond to the frame
following Xt. Et =

[
et1, . . . , e

t
dt

]
will denote the endmember

matrix at time t (note that the number of endmembers dt
may vary along the sequence). The same extension will be
considered for the fractional abundances matrix Φt.

3. PROPOSED UNMIXING-BASED TRACKING
METHOD

3.1. Pre-processing

In a context of passive surveillance, it is realistic to assume
that the recorded HVS contains plenty of frames featuring
only the still background Xref (up to some minor variations
due to sensor noise). The first step of the proposed unmixing-
based tracking method is to extract a set of dref reference
endmembers Eref and fractional abundance Φref from Xref .
To overcome the noise influence, we propose in practice to
perform this endmember induction and abundances retrieval
over a time-averaged version of the still background.

3.2. Detection step

Considering again a passive surveillance scenario, the time
where the plume appears in the sequence is likely to be a priori
unknown. A detection step must therefore be performed prior
to the tracking. An input frame Xt either corresponds to the
still background or to the plume appearing over the background
in some parts of the frame. In the former case, Xt should have
a low reconstruction error with respect to Eref and Φref, while
this reconstruction error should be higher in the area where
the plume has appeared in the latter case. Therefore, a change
detection procedure is conducted over all pixels composing the
reconstruction maps ε(Xt−1,Xref ) and ε(Xt,Xref ). More
specifically, let ε(xt−1,xref ) and ε(xt,xref ) be the recon-
struction errors of a given pixel spectrum at t−1 and t, and let
∆εt−1,t(x,xref ) = ε(xt,xref )− ε(xt−1,xref ) be the differ-
ence of such errors. If no change has occurred between t− 1
and t within pixel x, this spectrum should have relatively close
reconstruction error values, while their difference should be

higher if the plume has contaminated xt, since Eref and Φref
alone cannot properly reconstruct the plume signature. We can
therefore design the following hypothesis test:

H0 : ∆εt−1,t(x,xref ) ∼ N
(
0, σ2

ref

)
H1 : ∆εt−1,t(x,xref ) ∼ N

(
µ 6= 0, σ2

ref

) (4)

where the null hypothesis H0 corresponds to the absence of
change in x between t− 1 and t and the alternative hypothesis
H1 is declared when significant change has occurred. The
reference variance σ2

ref can be reliably estimated using the
differences between the reconstruction maps of several back-
ground frames. The hypothesis test (4) is solved using the
following Z-test statistic [13]:

z(x) =
∆εt−1,t(V(x),V(xref ))

σref/
√
|V(x)|

H1

≷
H0

γz (5)

where ∆εt−1,t(V(x),V(xref )) denotes the average difference
reconstruction error of pixels within the neighborhood V(x)
centered at x (set in practice to be a 3× 3 neighborhood). It is
known that z(x) ∼ N (0, 1) under H0, which allows to set the
threshold γz to achieve a predefined probability of false alarm
pFA. Performing test (5) over all pixels of ∆εt−1,t(x,xref )
finally leads to the binary change map Ct−1,t. The plume
is declared to have appeared in the sequence if Ct−1,t is not
empty after removal of single isolated true pixels.

3.3. Tracking step

The tracking step is launched once the gas plume has been
detected in the sequence, that is when the binary change mask
Ct−1,t output by the detection step contains pixels where some
change has been flagged. Likewise classical object tracking
methods (see [14] for a review), the proposed approach is
decomposed in two inner steps addressed sequentially.

3.3.1. Motion prediction step

The goal of the motion prediction step is to estimate an area
in the current frame Xt where the gas plume can be found
with a high probability. Here, the change detection procedure
previously described in section 3.2 is applied to Xt−1 and Xt,
to produce a binary change map Ct−1,t featuring areas that
have changed between the two consecutive frames. More par-
ticularly, Ct−1,t describes the regions that have either been left
by the plume, or invaded by it between t− 1 and t. Denoting
by Ot−1 the binary mask of the plume position in Xt−1, it is
possible to obtain an estimate position of the plume in Xt by

Ôt = Ot−1
⊕

Ct−1,t (6)

where
⊕

stands for the binary XOR operation, following [9].
Note that Ôt = Ct−1,t for the frame where the plume appears,
as Ot−1 is empty in this case. The proposed motion prediction
step is illustrated by the workflow presented by figure 1.
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Fig. 1: Workflow of the proposed motion prediction step.

3.3.2. Matching step

The goal of the matching step is to retrieve the position of
the plume Ot in the current frame Xt given the estimation
Ôt provided by the motion prediction step. Here, a set of
dref + 1 endmembers Et is generated using some endmem-
ber induction algorithm (EIA), where dref is the number of
reference endmembers used to describe the static background.
Ideally, the EIA should generate one endmember associated
to the gas plume signature, and the others corresponding to
the background. Being in an unsupervised context where the
theoretical gas plume signature is unknown, the correspond-
ing endmember etp is identified as the one that falls in the
estimated plume area Ôt. If several or no endmembers are
induced within Ôt, then the EIA can be run again until exactly
one endmembers falls in Ôt, or etp can be enforced as the
spectrum of the pixel having the highest reconstruction error
within Ôt in ε(Xt,Xref ).
Once the current endmembers Et have been generated, their
corresponding fractional abundances Φt are retrieved. Follow-
ing, a classification map Θt of Xt is issued using a maximum
voting rule on the abundances Φt. More specifically, let φt =[
φt1, . . . , φ

t
dref+1

]T
be the vector of dref + 1 abundances as-

sociated to a given pixel xt, and let l(xt) ∈ {1, . . . , dref + 1}
be its associated label. The maximum voting rule

l(xt) = argmax
i∈{1,...,dref+1}

φti (7)

assigns each pixel xt to the class corresponding to the end-
member whose fractional abundance is the highest in xt.
Following, the classification map Θt is used to produce the
binary map Ot featuring only the pixels classified in the gas
plume class. This binary map is applied over the abundance
map associated to the gas plume endmember etp in order to
finally obtain the data of the position, shape, and concentra-
tion of the plume Ot in Xt. This whole matching process is
summarized by the workflow in figure 2.

4. EXPERIMENTS

4.1. Data set

The data set used to validated the proposed unmixing-based
tracking methodology described in the previous section 3 was
provided by John Hopkins Applied Physics Laboratory. The

Xt

sky
sky
moutain
soil
plume

Et

Φt

Θt Ot Ot

Fig. 2: Workflow of the proposed matching step.

Fig. 3: (left) False color composition of the 20th frame of the
aa12 HVS and (right) corresponding ground truth data.

video sequence was acquired in 2006 at the Dugway Prov-
ing Ground in Utah (USA) with a FIRST sensor [15] at a
frame-rate of 0.2 Hz. Each frame is a data cube composed
of 128 × 320 pixels in the spatial domain, and 129 spectral
channels spanning 7.81 µm to 11.97 µm in wavelength. The
HVS features the explosive release of an acetic acid canister
and the resulting sequence is composed of 30 frames, with the
gas release occurring at the 11th frame.
Ground truth data was created in order to quantitatively eval-
uate the performances of the proposed method. A false color
composition of each frame was first derived, and two classes
(corresponding to strongly concentrated and more diffused
areas within the plume) were then carefully delineated. A false
color composition of the 20th frame along with its ground truth
map are displayed by figure 3.

4.2. Experimental methodology

The critical parameter to operate the proposed unmixing-based
tracking methodology is the definition of the EIA, as inconsis-
tent endmembers would not yield proper results. Among the
broad literature of EIA [12], we choose to work with the VCA
algorithm [16] as it already proved to efficiently unmix LWIR
hyperspectral images with faint gas signatures [17]. Fractional
abundance are then estimated using the SUNSAL [18] method.
Following [4], the number of reference endmembers dref to
described the background is set to 4. It is assumed that the first
5 frames of the sequence are known not to contain the plume.
Consequently, the reference variance σ2

ref is estimated over
the first 4 differences of reconstruction error maps. The Z-test
statistic (5) is operated under a probability of false alarm set
to pFA = 0.01.
Due to the stochasticity of the VCA, the proposed method is
run 20 times, and the average percentages of correct detections
(amount of ground truth pixels correctly detected) and false
detections (amount of ground truth pixels wrongly detected)



Fig. 4: Top row: frames #12, 16, 20, 24 and 28 of the sequence. Bottom row: corresponding detection Ot.
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Fig. 5: Percentage of (a) correct and (b) false detections with
respect to the ground truth.

with respect to the ground truth are computed for all frames of
the sequence.

4.3. Results

Figure 5 shows the average percentage of correct and false
detections for the proposed unmixing-based method (with
standard deviation), as well as for three state-of-the-art ap-
proaches, namely the AMSD [4] (statistical-based), RNMF [6]
(clustering-based) and BPT [10] (object detection based) meth-
ods. As it can be seen in figure 5a, the proposed approach
performs equally well than the RMNF approach, and outper-
forms both AMSD and BPT-based methods for most frames
of the sequence. While the release instant of the plume is
correctly identified, the proposed method fails at properly de-
tecting the gas plume in the early frames #11 and #12. The
reason is that the EIA is not able to automatically induce an
endmember in the estimated area Ôt, which is then forced to

be the pixel with the highest reconstruction error. Due to the
explosive release of the canister containing the gas, the en-
forced plume endmember is spectrally aberrant and unable to
correctly describe the gas plume, hence the failing of the subse-
quent classification step. Nonetheless, the average percentage
of correct detections for the other frames of the sequence re-
mains around 80% while the AMSD and BPT methods suffer
a drop as the diffusion is becoming more severe. It is also
worth adding that the RMNF method processes all frames of
the sequence in a stacked manner, therefore being incompati-
ble with a real-time implementation scenario where incoming
frames would have to be processed on the fly.
Figure 5b shows the percentage of false detections, correspond-
ing to the pixels whose spectra are supposedly not corrupted
by the plume but which are nonetheless detected by the various
methods. The y-axis has been cut for a better visualization.
Apart for the AMSD approach that produces a significant
amount of false detections (notably before the release of the
plume), all three other competing approaches correctly identify
the release instant, and their number of false detections remain
relatively low across the sequence.
The previous observations are confirmed by the qualitative
analysis of figure 4. While the proposed approach is not able
to properly detect the plume for the early frame #12, the re-
trieved shape and concentration appear visually very consistent
for all the other frames of the sequence.

5. CONCLUSION

We presented here a novel method to perform the detection
and tracking of a diffusing gas plume in HVS. Unlike clas-
sical state-of-the-art methods, the proposed approach is not
only able to retrieve the position and shape of the plume in
all frames of the sequence, but also provides information re-
lated to its concentration thanks to the integration of a spectral
unmixing process within the tracking procedure. The pro-
posed method was investigated over a real HVS and compared
with three state-of-the-art approaches, and showed to perform
equally or better while providing a richer information.
Extending the proposed approach to accommodate non linear
spectral mixing models is part of our research perspectives,
as well as its optimized implementation to make it operable
under real-time processing constraints.
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