Reconstruction-free action inference from
compressive imagers

Kuldeep Kulkarni, Pavan Turaga

Abstract—Persistent surveillance from camera networks, such as at parking lots, UAVs, etc., often results in large amounts of
video data, resulting in significant challenges for inference in terms of storage, communication and computation. Compressive
cameras have emerged as a potential solution to deal with the data deluge issues in such applications. However, inference
tasks such as action recognition require high quality features which implies reconstructing the original video data. Much work in
compressive sensing (CS) theory is geared towards solving the reconstruction problem, where state-of-the-art methods are
computationally intensive and provide low-quality results at high compression rates. Thus, reconstruction-free methods for
inference are much desired. In this paper, we propose reconstruction-free methods for action recognition from compressive
cameras at high compression ratios of 100 and above. Recognizing actions directly from CS measurements requires features
which are mostly nonlinear and thus not easily applicable. This leads us to search for such properties that are preserved in
compressive measurements. To this end, we propose the use of spatio-temporal smashed filters, which are compressive domain
versions of pixel-domain matched filters. We conduct experiments on publicly available databases and show that one can obtain

recognition rates that are comparable to the oracle method in uncompressed setup, even for high compression ratios.

Index Terms—Compressive Sensing, Reconstruction-free, Action recognition
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=

INTRODUCTION

o] Action recognition is one of the long standing
= research areas in computer vision with widespread
applications in video surveillance, unmanned aerial
vehicles (UAVs), and real-time monitoring of pa-
<f tients. All these applications are heavily resource-
O constrained and require low communication over-
; heads in order to achieve real-time implementation.
(O Consider the application of UAVs which provide
L() real-time video and high resolution aerial images on
1 demand. In these scenarios, it is typical to collect
S an enormous amount of data, followed by trans-
*= mission of the same to a ground station using a
X low-bandwidth communication link. This results in
expensive methods being employed for video capture,
compression, and transmission implemented on the
aircraft. The transmitted video is decompressed at a
central station and then fed into a action recogni-
tion pipeline. Similarly, a video surveillance system
which typically employs many high-definition cam-
eras, gives rise to a prohibitively large amount of
data, making it very challenging to store, transmit
and extract meaningful information. Thus, there is a
growing need to acquire as little data as possible and
yet be able to perform high-level inference tasks like
action recognition reliably.
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Recent advances in the areas of compressive sens-
ing (CS) [1] have led to the development of new
sensors like compressive cameras (also called single-
pixel cameras (SPCs)) [2] greatly reduce the amount
of sensed data, yet preserve most of its information.
More recently, InView Technology Corporation ap-
plied CS theory to build commercially available CS
workstations and SWIR (Short Wave Infrared) cam-
eras, thus equipping CS researchers with a hitherto
unavailable armoury to conduct experiments on real
CS imagery. In this paper, we wish to investigate
the utility of compressive cameras for action recog-
nition in improving the tradeoffs between reliability
of recognition and computational/storage load of the
system in a resource constrained setting. CS theory
states that if a signal can be represented by very few
number of coefficients in a basis, called the sparsifying
basis, then the signal can be reconstructed nearly
perfectly even in the presence of noise, by sensing
sub-Nyquist number of samples [1]. SPCs differ from
conventional cameras in that they integrate the pro-
cess of acquisition and compression by acquiring a
small number of linear projections of the original
images. More formally, when a sequence of images is
acquired by a compressive camera, the measurements
are generated by a sensing strategy which maps the
space of P x @ images, I € RF? to an observation
space Z € R¥,

Z(t) = oI(t) + w(?), M

where ¢ is a K x PQ) measurement matrix, w(t) is the
noise, and K < P(Q). The process is pictorially shown



Method CR=1 CR = 100 CR =400

Our method (‘Type 1" + “Type 2') | 60.86 (2300s) (OM) | 54.55 (2250s) | 46.48 (2300s)

Recon + IDT 912 (FBI) 21.72 (3600s) | 12.52 (4000s)
Action Bank [27] 57.9 (FBI) NA NA
Tain ef al.[43] 59.81 (FBI) NA NA
Kliper-Gross et al.[44] 72.7 (FBI) NA NA
Reddy et al[37] 76.9 (FBI) NA NA
Shi f al.[45] 83.3 (FBI) NA NA

TABLE 5

UCF50 dataset: The recognition rate for our framework is
stable even at very high compression ratios, while in the
case of Recon + IDT, it falls off spectacularly. The mean time
per clip (given in parentheses) for our method is less than
that for the baseline method (Recon + IDT).

of 100 and above, to perform action recognition, it
is better to work in compressed domain rather than
reconstructing the frames, and then applying a state-
of-the-art method.

Method CR=1 CR =100 CR =400

Our method ("Type 1 + Type 2) | 22.5 (2200s) (OM) | 21.125 (2250s) [ 17.02 (2300s)

Recon + IDT 57.2 (FBI) 6.23 (3500s) 2.33 (4000s)
Action Bank [27] 26.9 (FBI) NA NA
Jain ef al.[46] 52.1 (FBI) NA NA
Kliper-Gross et al.[44] 29.2 (FBI) NA NA
Jiang ef al|47] 40.7 (FBI) NA NA

TABLE 7

HMDBS51 dataset: The recognition rate for our framework is
stable even at very high compression ratios, while in the
case of Recon+IDT, it falls off spectacularly.

5 DISCUSSIONS AND CONCLUSION

In this paper, we proposed a correlation based
framework to recognize actions from compressive
cameras without reconstructing the sequences. It is
worth emphasizing that the goal of the paper is
not to outperform a state-of-the-art action recognition
system but is to build a action recognition system
which can perform with an acceptable level of ac-
curacy in heavily resource-constrained environments,
both in terms of storage and computation. The fact
that we are able to achieve a recognition rate of
54.55% at a compression ratio of 100 on a difficult and
large dataset like UCF50 and also localize the actions
reasonably well clearly buttresses the applicability
and the scalability of reconstruction-free recognition
in resource constrained environments. Further, we
reiterate that at compression ratios of 100 and above,
when reconstruction is generally of low quality, action
recognition results using our approach, while working
in compressed domain, were shown to be far better
than reconstructing the images, and then applying
a state-of-the-art method. In our future research, we
wish to extend this approach to more generalizable
filter-based approaches. One possible extension is to
use motion sensitive filters like Gabor or Gaussian
derivative filters which have proven to be successful
in capturing motion. Furthermore, by theoretically
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proving that a single filter is sufficient to encode an
action over the space of all affine transformed views
of the action, we showed that more robust filters can
be designed by transforming all training examples to
a canonical viewpoint.
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