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Abstract—The long short-term memory (LSTM) neural
network utilizes specialized modulation mechanisms to store
information for extended periods of time. It is thus potentially
well-suited for complex visual processing, where the current
video frame must be considered in the context of past frames.
Recent studies have indeed shown that LSTM can effectively
recognize and classify human actions (e.g., running, hand
waving) in video data; however, these results were achieved
under somewhat restricted settings. In this effort, we seek to
demonstrate that LSTM’s performance remains robust even as
experimental conditions deteriorate. Specifically, we show that
classification accuracy exhibits graceful degradation when the
LSTM network is faced with (a) lower quantities of available
training data, (b) tighter deadlines for decision making (i.e.,
shorter available input data sequences) and (c) poorer video
quality (resulting from noise, dropped frames or reduced
resolution). We also clearly demonstrate the benefits of
memory for video processing, particularly, under high noise or
frame drop rates. Our study is thus an initial step towards
demonstrating LSTM’s potential for robust action recognition
in real-world scenarios.

I

I. INTRODUCTION

recent years, the long short-term memory (LSTM)
neural network [11] has received increasing recognition as
a general-purpose sequence processing mechanism. A
key component of the LSTM architecture is a layer of
memory blocks, where specialized gate neurons precisely
determine what portions of a sequence are remembered,
when the memories affect the network’s outputs, and how
long they persist. In contrast with simple recurrent neural
networks (e.g., [12]), LSTM is thus able to maintain
observations in memory for extended periods of time, and to
effectively make use of temporally-distributed information
during both training (via a specialized variant of error
backpropagation) and deployment. Consequently, LSTM
has been finding application towards processing long
sequences of data that arise in a diverse range of tasks, such
as the prediction of human movement patterns [15], the
classification of speech [5] and the recognition of human
actions in video [1][2][3][4], which is the focus of the
present effort.
N
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Given the proliferation of available video data, the action
recognition problem now carries significant practical
relevance in numerous domains. For example, the problem
arises in the context of the US Navy’s goal of achieving
persistent intelligence, surveillance, and reconnaissance
(ISR) capabilities for expeditionary warfare. Here, there is a
need for the onboard/embedded processing of electro-optical
(EO) and infra-red (IR) data in real-time, under low
resolutions (due to poor optics), in order to extract and
transmit only salient/relevant actions to Marines for tactical
surveillance. Depending on the context, such actions can be
human (e.g., a person running) or non-human (e.g., a vehicle
making a U-turn); coordinated actions in space and time are
called activities. A 2008 literature review [20] provides a
mapping of the action recognition and activity recognition
problem space, and surveys a diverse taxonomy of methods
for addressing its various aspects; however, in spite of
extensive research, these problems remain difficult, in the
general case. Since the review was published, some
promising results have emerged from the application of
LSTM to the action recognition problem [1][2][3][4],
yielding accurate discrimination between different action
classes. However, the reported experiments were conducted
under somewhat restricted conditions, where large training
sets were used, where the network had the opportunity to
observe an entire video sequence prior to making a decision,
and where the videos were of relatively high quality. Such
conditions are not guaranteed to exist in real-world settings,
where robustness is a key requirement.
In this paper, we present initial steps towards addressing
this gap. As a starting point, we have followed an
experimental methodology similar to past work [2], where
LSTM is applied to the well-known KTH action recognition
dataset, capturing six actions performed by human subjects
(URL: http://www.nada.kth.se/cvap/actions/). Each video is
first preprocessed via a feature extraction technique, which
extracts histograms of optical flow around local regions of
high spatiotemporal variation. A time-ordered sequence of
histograms (from some video) is then provided to the LSTM
network, which classifies the action depicted in the video.
Through minor variations on the LSTM model reported in
[2], we were able to achieve a classification accuracy of
90.7%; this figure is slightly below the best known result for
the given dataset and feature set [21], but was achieved
without further preprocessing the features (unlike in [21]).
Given this baseline result, we then systematically
reevaluated our approach under perturbed conditions. First,
we exponentially reduced the size of the training set (while
maintaining the same test set), and showed that performance
degrades gracefully, so long as the training videos depict
actions performed by more than one human subject.

Subsequently, we reduced the duration of the input sequence
that was available to the LSTM network, and demonstrated
that good performance can be achieved after observing data
from less than one second of video, in the average case.
Finally, we have examined the effects of three forms of
video quality degradation: the removal of video frames, the
injection of “salt and pepper” noise, and the reduction of
frame resolution. We have found that even when frame drop
rates, noise rates and frame scaling factors are severe,
classification performance remains relatively robust. At the
same time, we established that memory is indeed beneficial
to LSTM’s performance on the classification task, allowing
the present input to be considered in the context of past
inputs. This benefit is particularly evident when high noise
levels or frame drop rates are present in the video. We thus
postulate that trainable memory control is essential to robust
performance, since the network can learn what input
information is most important to remember for effective
classification, under a variety of conditions.
The focus of our paper thus encompasses the following
key aspects: the LSTM technique, the robustness property
and the action recognition problem. To our knowledge, all
three aspects have not been addressed simultaneously. In
Section II, we briefly outline past work that covered pairs of
aspects: the robustness of LSTM (for other problems), the
application of LSTM to action recognition, and robust action
recognition (via other techniques). In Section III, we discuss
our experimental methodology, with descriptions of the
dataset, the feature extraction approach, and the LSTM
model. In Section IV, we begin by presenting and
examining a baseline performance result (achieved under
somewhat idealized experimental conditions), and
subsequently show how performance is affected by
reductions in training set size, input sequence size and video
quality. Finally, in Section V, we provide a discussion of
the results, and suggest directions for future research.
II. RELATED WORK
A. The Robustness of LSTM
There is evidence to suggest that long short-term memory
is robust to various forms of degradation. Notably, the
original LSTM paper [11] demonstrated that it can handle
noise in both input data sequences and target output values
(which are used during training). In [5], it was shown that
LSTM outperformed a hidden Markov model (HMM) on a
speech recognition task, even though the former utilized
only one half of the training set available to the latter. It can
also be postulated that because a LSTM network accepts
input data as a sequence (rather than in a single batch), this
data need not be complete, and the network may thus be able
to make decisions under tight temporal constraints (where a
decision must be made before the entire sequence becomes
available). Still, at present, there are few studies that have
rigorously evaluated the robustness of LSTM under the
aforementioned (and other) types of degradation.
B. The Application of LSTM to Action Recognition
Over the past several years, researchers at CNRS/INSA de

Lyon have produced several publications on action
recognition via LSTM. In an initial study, a LSTM network
was utilized to classify actions (such as goal kick, throw in,
etc.) in soccer videos [1]. As input, the network was
provided with pre-extracted features, namely, “bag of
words” descriptors for each frame and/or the dominant
motion in the scene. In subsequent research, the approach
was extended by replacing the prespecified feature extractors
with a deep (many-layered) convolutional neural network,
which automatically learned (in a supervised fashion) to
extract a set of features most appropriate to the problem [2].
This convolutional neural network was capable of
performing classification on its own, but the additional use
of a LSTM network yielded greater accuracy (since LSTM is
better capable of dealing with temporal information). The
resulting purely neurocomputational approach was applied
to the KTH action recognition dataset, and achieved strong
classification results; in particular, the features extracted by
a convolutional neural network were found to be more
effective than histograms of optical flow, which were
provided to the LSTM in a baseline experiment. (Due to
their simplicity, we nonetheless use such histograms as
features in the present effort, because our main goal is not to
achieve maximum performance under more favorable
experimental conditions, but to measure the relative loss in
performance under degraded conditions).
In [3], the
convolutional neural network was replaced with an autoencoder, which learned to extract features in an unsupervised
fashion (i.e., without labels).
This approach yielded
somewhat lower, but nonetheless impressive classification
accuracies, which have been improved in [4]. The studies
did not cover the effects of training set size, input sequence
size (i.e., time available for decision making) and video
quality upon classification performance.
C. Robust Action Recognition
Robustness is a key goal in action recognition research,
albeit one that has not been fully reached. Here, we discuss
several studies that captured measures of robustness most
similar to our own. A recent thesis [22] has explored the
effects of training set size upon the performance of a novel
technique called sparse representation-based classification
(SRC), as well as the well-known support vector machine
(SVM) method, on the KTH action recognition dataset.
Both approaches exhibited relatively graceful degradation
under decreasing training set size, with SRC being
somewhat more robust. The feature extraction approach was
somewhat different from the one followed herein, yielding
both histograms of optical flow and histograms of oriented
gradients. In [17], it was shown that if the feature set
includes local shape descriptors (which we do not consider),
then a SVM is able to accurately recognize an action from
just a few frames of video (once again, the KTH dataset was
used), thus exhibiting robustness to the available sequence
size. Another study examined the performance of the SVM
under various forms of video quality degradation, namely,
Gaussian blur, noise addition, lighting changes, filtering,
compression, simultaneous changes in scale/rotation and
frame loss [18]. Here, the FeEval dataset was utilized [19],

and various feature extractors were considered. For the
feature extraction approach most similar to our own (albeit
one that yielded both histograms of oriented gradients and
histograms of optical flow), it was found that performance
can deteriorate significantly as noise rates and frame drop
rates increase. We note that the noise and frame loss models
appear to have been somewhat different from those utilized
in our work; also, the effects of resolution were not
examined independently; instead, rescaling was applied in
combination with rotation, and this was found to be highly
detrimental to performance. Generally, due to significant
differences in experimental procedures between our
experiments and those cited herein (e.g., different datasets
and/or input features were utilized), a precise quantitative
comparison of robustness results would not be meaningful.
Instead, where appropriate, we qualitatively contrast our
results (in Section IV) with those of past work.
III. METHODS
A. Dataset

Fig. 1. Snapshots of two videos from the KTH dataset: a subject boxing
outdoors (left); a different subject running indoors (right).

For evaluation purposes, we utilized the aforementioned
KTH dataset (Fig. 1), where each video depicts a single
individual (subject) who performs an action in some
scenario, at a resolution of 160 × 120 pixels. The dataset
encompasses 25 distinct subjects, 6 action classes (boxing,
hand clapping, hand waving, jogging, running and walking)
and four scenarios (outdoor, outdoor with different zoom
levels, outdoor with a different set of clothes worn by a
given subject, and indoor). Because one subject-actionscenario combination is missing from the dataset, there are
25 × 6 × 4 – 1 = 599 video sequences. Additionally, because
every sequence captures an action that is performed multiple
times, it is further split into three or (typically) four
subsequences, yielding a total of 2391 shorter videos; the
resulting dataset is sometimes referred to as KTH2 (e.g., in
[2]).
In our experiments, we randomly partitioned the dataset
into a training set and a test set by subject, with the test set
containing 9 subjects, and the training set consisting of 16 or
fewer subjects (depending on the experiment). Because the
choice of partition can affect performance [8], we utilized
five distinct partitions, which were utilized in every reported
experiment.

B. Feature Extraction
Rather than providing raw pixel values to the LSTM
network, we instead extracted features from each video, thus
significantly reducing the input dimension. For this purpose,
we followed one of the approaches used in [2], which was
described earlier in [13][14]. Here, the Harris operator [9] is
extended to include the temporal dimension, which allows it
to find space-time interest points – local regions in video
where significant spatiotemporal variations occur. For each
such region, a histogram of optical flow (HOF) descriptor is
computed; each descriptor is a real-valued vector of 90
elements. These descriptors are then provided to the
network one at a time, in temporal order (for descriptors
extracted from the same video frame, the order is arbitrary).
An existing implementation was utilized to perform feature
extraction
(URL:
http://www.di.ens.fr/~laptev/download.html; version 1.1 was
used); the software was configured with default parameters.
We note that HOF descriptors do not provide an optimal
feature set; as discussed in Section II.B, it was shown that
LSTM achieves better performance when the features are
also computed by a neural network (such as a convolutional
network or an auto-encoder). However, our present focus is
upon evaluating the relative robustness of the LSTM under
various experimental conditions (rather than its absolute
performance under the best conditions), and so we found
HOF descriptors to be sufficient for our purposes.
C. Long Short-Term Memory
For brevity, we give an informal discussion of long shortterm memory (a full description is provided in [11]; a more
compact mathematical definition is given in [16]). A LSTM
architecture consists an input layer, an output layer, and a
hidden memory block layer. In Fig. 2, we provide a diagram
of a single memory block, which consists of four specialized
neurons: a memory cell, an input gate, a forget gate, and an
output gate. The memory cell and the gates each receive a
connection from every neuron in the input layer;
furthermore, outgoing connections extend from the memory
cell (but not the gates) to every neuron in the output layer.
The memory cell further has a recurrent connection to itself
(allowing its value to persist through time); gates determine
the extent to which (a) the current input influences the value
of the memory cell (input gate), (b) the cell’s old value is
lost (forget gate), and (c) the cell’s new value propagates to
the output layer (output gate). Through gated control (which
is postulated to exist in the human brain [7]), the network
can effectively maintain and make use of past observations.
There are also peephole connections, which allow a gate to
know the true state of the memory cell, before it is
modulated by the output gate.
In our LSTM networks, there were 90 input neurons (one
for each element in the HOF descriptor), 50 memory blocks
(each with a memory cell and an input, forget and output
gate), and 6 output neurons (one for each action class).
During a single time step, the input neurons are activated
with values of some HOF descriptor.
Subsequently,
memory cells and gates compute activation values based on
the inputs and on previous memory cell values. Finally,

activations propagate to the output layer, and the process is
then repeated for the next HOF descriptor in the sequence.
Each output neuron applies the softmax activation function
to its weighted input; this ensures that the sum of all output
activations is equal to 1, and allows for a probabilistic
interpretation of the outputs (i.e., for each action class, the
network produces a degree of belief that the observed action
belongs to that class). When evaluating the network’s
performance, we aggregated the network’s decisions over a
given test sequence; more precisely, for each output neuron,
we computed the sum of activation values produced for
every descriptor in the sequence; subsequently, the neuron
with the highest sum was said to correspond to the class

A. Baseline Performance
To establish a baseline for subsequent experiments, we
applied our methodology with a full training set size (16
subjects), maximum decision time (the entire input sequence
is presented to the network) and non-degraded (original)
video quality. As described in Section III.A, networks were
trained and evaluated over five independent trials, where
each trial involved a different partitioning of the data into
the training and test set. As reported in [2], an additional
validation set was not necessary, because overtraining was
not observed; once trained, the networks’ performance did
not change significantly, with additional epochs.
In TABLE I, we present the confusion matrix C for the
networks after 2000 epochs of training, averaged over the
five trials. The rows of the matrix represent true action
labels, whereas the columns correspond to labels output by
the network; an entry C(i, j) corresponds to the percentage of
videos with action i (in the test set) that were classified (by
the network) as j; empty cells correspond to values of 0. For
each action j, we compute the Type I / false positive error
(i.e., the action is erroneously reported) as ∑iC(i, j) – C(j, j);
these are listed at the bottom of the matrix. Similarly, the
Type II / false negative error (i.e., the network fails to report
the action) of action i is expressed as ∑jC(i, j) – C(i, i), and
shown in the rightmost column. Not surprisingly (and
consistent with literature, e.g., [14]), the greatest degree of
confusion exists between the “Jogging” and “Running”
actions, whereas the remaining actions are distinguished
with a high degree of effectiveness.
TABLE I
THE AVERAGE CONFUSION MATRIX (WITH TYPE I AND TYPE II ERRORS)
FOR LSTM’S PERFORMANCE ON THE KTH DATASET, IN THE BASELINE
CASE

Type II

Walking

Running

Jogging

True

Waving

Output

Clapping

predicted by the network.
In each of our experiments, a network’s initial weights
were drawn randomly from a uniform distribution U(-0.1,
0.1).
The networks were then trained via online
backpropagation, minimizing the cross-entropy error
function [10], with a learning rate of 0.0001, for 2000
epochs. During a given epoch, training examples (sequences
of HOF descriptors) were presented in a randomized order.
The correct output vector (with a value of 1 for the output
neuron corresponding to the action class, and values of 0 for
the other output neurons) was presented to the network after
each HOF descriptor.
We note that our methodology is somewhat similar to
what was utilized in [2], but with several differences. For
example, in [2], momentum was used during training, and
each memory cell contained recurrent connections to all
other memory cells. We have found that the absence of such
connections was somewhat beneficial to performance, as we

IV. RESULTS

Boxing

Fig. 2. A cross-section of a LSTM network, with a single memory block,
and connections from the input layer (bottom) and to the output layer
(top). Multiple solid lines denote full connections between layers; single
solid lines indicate pairwise connections; grey bars represent the
modulation of the memory cell via gates. The figure was obtained from
[16].

describe in the next section.

Boxing

95.9

2.0

2.0

0.1

4.1

Clapping

2.5

94.4

3.0

0.1

5.6

Waving

1.3

3.1

95.7

Jogging

0.1

0.1

4.3
81.7

13.9

4.2

18.3

Running

20.4

78.5

1.1

21.5

Walking

1.3

0.3

98.5

1.5

21.7

14.2

5.6

Type I

3.9

5.2

4.9

The average accuracy measure (proportion of correct
classifications, over all videos in the test set) for the five
trials is 90.7%, with a sample standard deviation of 0.9%.
As we show in TABLE II, the figure is somewhat higher
than what was reported in [2], which also applied LSTM to

HOF descriptors (second row), in one of the reported
experiments. Because we likely utilized different partitions
of the KTH dataset into the training and test sets, we cannot
conclusively state that our improvement is due to differences
in the network architecture or training regime, as opposed to
partition choice (where the latter has been shown to affect
performance [8]). However, to establish a possible cause for
the difference, we ran our five trials with the same partitions
that we utilized earlier, but with full recurrent connections
between LSTM memory cells, which were also utilized in
[2]. This yielded a classification accuracy of 85.3% (as
reported in the third row of TABLE II), and a sample
standard deviation of 2.5%. This suggests that, all other
parameters kept constant, the effect of such recurrent
connections is detrimental, and may partially explain the
performance difference. Finally, we mention that our result
is slightly below the best reported performance (to our
knowledge) achieved on the given dataset and feature
combination (KTH and HOF), as provided in the fifth row of
the table. However, in that study (which also likely utilized
different training set / test set partitions), the HOF
descriptors were first clustered into “visual words”, and each
video was represented as a histogram of such words; these
“bag of words” histograms were then classified by the
SVM. By contrast, we fed the HOF descriptors into the
LSTM network directly as a sequence, without additional
preprocessing. The similarity in results suggests that the
LSTM is well-adapted for automatically forming appropriate
representations based on input features.
TABLE II
PERFORMANCE OF SEVERAL TECHNIQUES ON THE KTH DATASET WITH
HOF DESCRIPTORS AS INPUT FEATURES

Approach
LSTM without recurrent cell
connections
LSTM with recurrent cell connections
LSTM with recurrent cell connections
SVM with “bag of words”/clustering

Study
This

Result
90.7%

[2]
This
[21]

87.8%
85.3%
92.1%

Briefly, we also report the overhead associated with our
approach. On a desktop machine with a 2.80 GHz 4 core
Intel® Xeon® CPU and 4 GB of RAM, running Windows 7
and Java version 1.7 (the networks were implemented in
Java), training a single network (for 2000 epochs) required
in the order of one day of computational time. However,
once trained, classification is very fast: in one second, the
network can process HOF features extracted from over
17,000 frames of video (feature extraction itself is much
slower, at approximately 12 to 15 frames per second; each
frame contained an average of 1.77 features). Finally, when
serialized to disk, each network required approximately 177
kB of storage.
B. Effects of Training Set Size
Given our baseline performance, we now begin to perturb
the experimental conditions by considering the effects of
training set size. Specifically, for each of the five partitions
(trials) utilized in the previous experiment, we reduced the

training set exponentially (from 16 to 8, 4, 2 and finally, 1
subject), while maintaining the same 9 subject test set. We
then trained and evaluated a network for each partition.

Fig. 3. The effects of training set size upon classification performance.
Error bars represent the sample standard deviation (over the five trials) in
this figure, and in all other figures where they appear.

Fig. 3 displays the average case performance (over five
trials) for each training set size. The approximate number of
training video sequences per action can be computed as the
number of subjects (shown on the horizontal axis) multiplied
by 16, since each subject typically performs a given action in
four different scenarios, and for each scenario, the video is
usually split into four subsequences, as discussed in Section
III.A; the actual number depends on the specific partition.
The curve shows that size reductions do not have a very
strong impact on performance, until only one subject
remains in the training set; here, performance is significantly
reduced, and its fluctuation (between partitions) is greatest,
as indicated by the error bars. This may suggest that by
observing actions performed by more than one distinct
subject, the network can better generalize to recognizing
actions from previously unseen subjects, but that very large
training sets are not necessary for good performance.
As we discussed in Section II.C, an existing study
evaluated the performance of the support vector machine
(SVM) and sparse representation-based classification (SRC)
with respect to training set size, on the KTH dataset [22].
The study utilized different increments for varying training
set size (typically, the set contained around 6, 12 or 18
subjects); however, by interpolation, we infer that LSTM
achieves performance that is comparable to that of the SRC,
and slightly better than that of the SVM. We note, however,
that a somewhat richer set of input features was utilized in
the earlier study (containing histograms of oriented gradients
in addition to histograms of optical flow).

C. Effects of Input Sequence Size

will be correct so long as most per-input decisions are
correct), or does memory play a role, as we expect? To
answer this question, we evaluated our networks as before,
but prior to providing each input, a given network’s
memory activations were reset. In essence, the network had
to classify each HOF descriptor without reference to any
previous observations. The resulting performance is shown
by the “Largest Training Set, No Memory” and “Smallest
Training Set, No Memory” curves in Fig. 4. The figure
illustrates that when multiple inputs are given to the
network, memory indeed provides a benefit, by allowing
new inputs to be interpreted within the context of those
observed in the past. In the following section, we
demonstrate that this benefit increases under certain types of
video quality degradation.
D. Effects of Video Quality

Fig. 4. The effects of input size (latency) and memory upon classification
performance.

Since LSTM networks are able to perform sequence
processing, they need not accept all available input data
prior to making a decision. In our next set of experiments,
we sought to determine the extent to which the networks’
performance varies with the amount of input data provided
(alternatively, we can interpret this as the amount of time
available to the network for decision making, or the latency).
Specifically, we applied the networks trained with data from
16 subjects and 1 subject (the extreme cases in Fig. 3), and
measured their performance (without retraining) on
different-sized prefixes of input sequences. In other words,
for every video sequence in the test set, only the first k HOF
descriptors were provided to the network, where k varied
from 1 to 91, in increments of 10.
In Fig. 4, we illustrate the networks’ average performance
(over five trials/networks) for different values k. The curves
labeled “Largest Training Set” (16 subjects) and “Smallest
Training Set” (1 subject) suggest that while performance
does decrease as k is reduced, the degradation is relatively
graceful. Even for just a single HOF descriptor, the
networks’ average classification accuracy is 66.1% and
46.2%, when trained on data from 16 subjects and 1 subject,
respectively; for 20 descriptors, the corresponding figures
are 83.0% and 59.4%. As mentioned earlier, approximately
1.77 descriptors were extracted from an average frame; thus,
at 25 frames per second, 20 descriptors correspond to less
than half a second of video, in the average case. We
postulate that performance could be further improved with a
richer set of features; for example, in [17], it was found that
good classification performance can be achieved on the
KTH dataset by extracting local shape descriptors (in
addition to optical flow descriptors) from just a few frames.
In interpreting these results, we must recall (from Section
III.C) that a network’s decision is computed by aggregating
each of its 6 output activations over the entire test sequence
of k inputs, and selecting the maximum total activation.
Thus, an important question arises: if we increase the size of
the input sequence, does decision accuracy improve simply
as a result of this aggregation (where the overall decision

Fig. 5. The effects of degradation on a single video frame (the original,
non-degraded frame is shown on the left side of Fig. 1). Versions with
reduced resolution are provided at the top of the figure; noisy versions are
depicted at the bottom. The effects of dropped frames are not shown,
since any kept frame remains unaffected; for p = 0.5, the video appears
slightly “choppy”; for p = 0.75, the visual effect is quite severe.

In our final set of experiments, we evaluated the
sensitivity of our approach to several forms of video quality
degradation. In particular, we examined the impact of:
• Dropped frames (which can result in conditions of poor
network connectivity). Here, with an independent
probability p, any given frame (except the first) is
replaced with the (identical) previous frame. The length
of the video is thus preserved.
• Noise (which can occur due to unfavorable lighting and
weather conditions). Here, a ratio r of the pixels in a
given frame is made black or white (this results in “salt
and pepper” noise).
• Reduced resolution (which may arise because of camera
limitations, or as a result of bandwidth-conserving
measures). Here, each video frame is scaled down by a
factor s, and subsequently, scaled up by the same factor

(with anti-aliasing). This preserves the size of each
video frame, but causes information/resolution loss.
Using MATLAB’s Image Processing Toolbox, we created
6 modified versions of the KTH dataset, three with mild (p =
0.5, r = 0.1, s = 0.5) forms of degradation (each version only
had one degradation type applied to it), and three with severe
(p = 0.75, r = 0.25, s = 0.25) degradation levels. Here, the
terms “mild” and “severe” are somewhat subjective, and
indicate the relative visual impact of a given degradation,
which is illustrated in Fig. 5. As before, for each of the six
degraded datasets, we extracted HOF descriptors, and
trained/evaluated LSTM networks.
Resulting classification performance is given in Fig. 6;
once again, 16-subject and 1-subject training sets were
considered, and each data point is an average over five
training/test set partitions (trials). The figure shows that
performance is essentially unaffected by a loss in resolution,
whereas the introduction of noise and (more so) the removal
of frames have a more pronounced effect. Nonetheless, the
LSTM network exhibits relatively graceful degradation with
respect to these perturbations. In a study mentioned in
Section II.C, where a SVM was utilized for classification,
performance deteriorated much more significantly with
respect to increasing noise and decreasing frame rate;
reductions in resolution were only considered in
combination with rotation, and this also led to poor
performance [18]. However, we note that in the reported
experiments, the SVM was trained on data from the original
set of videos (with high quality), and then tested on data
from the same videos, but with various types of quality
degradation. In our experiments, we followed the opposite
approach: the training set and the test set consist of distinct
videos, but both sets have the same degradation operation
applied. Thus, while we can claim that LSTM is relatively
robust to the forms of degradation considered herein, it may
be important to include low-quality videos in the training
set, in order to achieve good performance.
Finally, as before, we evaluated our networks on the
degraded test sets, but with memory reset before each input;
the results are provided by the “No Memory” curves in Fig.
6. Under severe noise and frame drop rates, memory was
found to be particularly beneficial. We can postulate that as
the quality of input features (HOF descriptors) decreases due
to these forms of deterioration, it becomes more and more
difficult to classify each feature individually, without
considering features that were observed in the past.
V. DISCUSSION, CONCLUSIONS AND FUTURE WORK
In real-world applications, it is expensive to produce large
quantities of labeled training data; available input sequences
may be limited by tight decision making deadlines, and
video quality may be affected by sensor limitations, data link
constraints and environmental conditions. In this paper, we
have evaluated the robustness of the LSTM neural network’s
performance on the human action recognition problem, with
respect to these complications. We have shown that the
network’s classification accuracy degrades relatively
gracefully under the effects of reduced training set sizes,
shortened video sequence durations and poor video quality.

Fig. 6. The effects of video quality and memory upon classification
performance.

These results suggest that LSTM has potential for
performing action recognition in practical scenarios.
In order to provide a possible explanation for LSTM’s
robust performance, we observe that it effectively
compresses the input sequence by mapping this sequence to
its memory cells, through gated control. This dimensionality
reduction process is tightly integrated with the classification
process; i.e., through a unified training procedure, a LSTM
network learns not only how to classify sequences, but also,
what information in a sequence will most effectively support
classification, and we postulate that this is essential to robust
processing. Notably, information requirements can change

as conditions degrade: for example, Fig. 6 shows that as
noise or frame loss is introduced, it becomes increasingly
more important to process each input in the context of past
inputs.
By contrast, most existing machine learning
techniques (e.g., a typical SVM) require that a long,
variable-length sequence (e.g., of HOF descriptors) is first
transformed into a compact input (e.g., a histogram of visual
words), so that it can be classified in one shot. This separate
preprocessing step may not be sufficiently aware of what
information is truly important for classification, in a given
set of circumstances. Although techniques have been
developed for the direct processing of sequences [6], some
(e.g., hidden Markov models) have difficulty capturing
relationships between inputs that are non-local in time, while
others (e.g., conditional random fields) can suffer from high
computational overhead. LSTM is emerging as a potentially
powerful alternative to such methods, as it is able to
tractably extract and correlate temporally distributed
information.
Future work can explore ways to further improve
robustness. For example, we observed that for the lowest
training set size considered, performance is considerably
reduced; in order to effectively handle such (or even smaller)
training sets, it may be beneficial to incorporate unlabeled
data (which is much easier to obtain) into the training
process; for example, the network may be trained to both
auto-encode sequences (this does not require labels) and to
classify them. Further benefits can be gained from utilizing
more sophisticated feature extraction techniques, including
neurocomputational preprocessors [2][3][4]. Evaluation
should be performed on progressively more complex
datasets, and the effects of other types of degradation (e.g.,
errors in the training labels [11][14], other factors that affect
video quality [18], etc.) should be studied. Of particular
relevance is the effect of object occlusions upon
performance, where one object is hidden from view by
another. These can arise in videos with multiple interacting
objects (people, vehicles, etc.), and present a particular
challenge in activity recognition, where an activity consists
of multiple actions that may be distributed in time and/or
space. We postulate that the memory control mechanisms of
LSTM will enable it to effectively process sequences where
a long lag occurs between actions, and would provide even
greater benefit than what we observed for simple actions (in
this study). Furthermore, a recent generalization of the
LSTM training algorithm (LSTM-g) [16] is capable of
training much more sophisticated LSTM-like architectures
(e.g., with multiple memory block layers), which may
potentially achieve improved performance in such complex
activity recognition scenarios.
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