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A natural approach to studying vision
Gidon Felsen & Yang Dan

An ultimate goal of systems neuroscience is to understand 
how sensory stimuli encountered in the natural environment 
are processed by neural circuits. Achieving this goal requires 
knowledge of both the characteristics of natural stimuli and 
the response properties of sensory neurons under natural 
stimulation. Most of our current notions of sensory processing 
have come from experiments using simple, parametric 
stimulus sets. However, a growing number of researchers have 
begun to question whether this approach alone is sufficient 
for understanding the real-life sensory tasks performed by 
the organism. Here, focusing on the early visual pathway, we 
argue that the use of natural stimuli is vital for advancing our 
understanding of sensory processing.

The visual system is a remarkable device, able to process complex spa-
tiotemporal patterns of light signals collected by the eyes and provide 
information about a rapidly changing world, which is essential for the 
survival of the organism. The efficiency of the visual circuit is not acci-
dental; it has been shaped by the forces of evolution and refined during 
development in an experience-dependent manner. The function of the 
system is thus intimately related to the properties of the visual stimuli 
commonly found in the natural environment. Much of what we know 
about visual processing has been obtained from studies using ‘artificial’ 
stimuli, including parametric sets of simple stimuli (such as spots of 
light or sinusoidal gratings) and stimulus ensembles with simple sta-
tistics (for example, white noise). However, recent studies have begun 
to incorporate ‘natural’ stimuli, such as photographs or video record-
ings of the natural environment1. Here, before assessing how the use 
of natural stimuli can advance our understanding of visual processing, 
we will first examine the strengths and weaknesses of the commonly 
used artificial stimuli.

Artificial stimuli
Well-designed simple stimuli have been pivotal to elucidating the 
neural basis of sensory processing. In the visual system, simple stim-
uli such as spots or bars of light have revealed the receptive field 
(RF) structure of retinal2 and thalamic3 neurons and the orientation 
selectivity of cortical neurons4, which constitute the foundation of 
modern vision research. A major advantage of these stimuli is that 

they are readily parameterized and therefore ideal for determining 
the  dependence of the neuronal response on a particular stimulus 
parameter (for example, orientation of the bar), often represented 
as a tuning curve. However, these simple stimuli have a significant 
drawback: in the natural environment, sensory inputs rarely consist of 
isolated simple patterns. Because neuronal processing is largely non-
linear, the responses to the natural stimuli are often poorly predicted 
by the sum of the responses to the individual simple components. 
Thus, studies using simple stimuli alone do not necessarily tell us 
how a neuron responds to the more complex stimuli encountered in 
the natural environment.

Another approach is to use a large set of random stimuli, 
which allows exploration of a larger stimulus space and a more 
 comprehensive characterization of the neuronal response  properties. 
By identifying the set of stimuli that precede neuronal spiking (the 
‘spike-triggered’  stimulus ensemble) and comparing it with the 
entire stimulus e nsemble  presented in the experiment, one can 
identify the features of the stimuli that influence the neuronal 
response. In particular, white noise, which contains equal power at 
all frequencies and no spatiotemporal correlation, has been used 
to measure the spatial and temporal RFs of early visual neurons5. 
Although this statistical property of white noise is highly desirable 
for  systems identification in general6, in practice it is often  ineffective 
for  driving sensory neurons, particularly in later  processing stages, 
making it difficult to estimate the RF parameters accurately. Sparse 
random stimuli, which consist of a rapidly presented,  random 
sequence of preselected stimulus patterns, can be more effective 
than dense white-noise stimuli for measuring certain response  
properties7–10. However, the choice of stimulus set in each  experiment 
requires prior assumption about what stimulus parameters are 
 functionally relevant for the cell being studied, which may result in 
biases in the interpretation of the experimental results.

Given the limitations of the simple and random stimuli, natural 
stimuli provide a valuable complement for the study of visual process-
ing. Compared to simple, parametric stimulus sets, the use of natural 
stimulus ensembles requires fewer a priori assumptions about rel-
evant stimulus parameters. Compared to white noise, natural stimuli 
are functionally more relevant and, in some cases, more effective for 
driving the neurons11,12. Furthermore, because many sensory neurons 
show adaptation and contextual modulation, the response properties 
measured with artificial stimuli may not generalize to natural stim-
uli; certain properties may be apparent only under natural stimula-
tion13. Although analyzing responses to natural stimuli may not be 
as straightforward as for the artificial stimuli, new methods are being 
developed to overcome these complications11,13–17. Indeed, recent 
studies using natural stimuli have yielded new insights into the func-
tion of the visual system.
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What natural stimuli have taught us
Arguably, to establish the functional significance of a response prop-
erty characterized with artificial stimuli, this property should be 
validated under natural stimulation. If a response property does not 
contribute to explaining the responses to natural stimuli, its functional 
relevance in visual processing must be limited—even if the property is 
prominent under artificial stimulation. Conversely, the extent to which 
a given model explains the responses to natural stimuli provides an 
essential measure of the completeness of the model. Such validation 
analyses have been performed at several stages of the early visual path-
way. For example, in the lateral geniculate nucleus (LGN), neuronal 
RFs measured with white noise have been used to predict the responses 
to natural stimuli. The prediction based on the linear spatiotempo-
ral RF alone captured the basic temporal features of the responses 
to natural stimuli18. In the primary visual cortex, neuronal RFs were 
originally characterized with spots or bars of light4. Simple cell RFs 
were found to contain oriented ON and OFF subregions; complex 
cell RFs were modeled as the combination of multiple simple cell RFs 
with the same orientation preference but different ON-OFF locations. 
Recently, several studies have examined the structure of cortical RFs 
by analyzing the neuronal responses to natural images. Using spike-
triggered average for simple cells15 and spike-triggered covariance11 or 
other nonlinear methods14,17 for complex cells, these studies showed 
that the RFs of V1 neurons during natural stimulation are similar to 
those measured with the simple or white-noise stimuli. Together, these 
studies have largely validated the basic spatial structure of early visual 
RFs measured with artificial stimuli.

In addition to verifying the RF models measured with artificial stim-
uli, natural stimuli have been used to reveal properties that were not 
predicted by the results of previous experiments. In a recent study13, 
the RFs of visual cortical neurons in awake behaving monkeys were 
estimated from the recorded responses to both natural stimuli and 
dynamic gratings, and the RF structures were found to be affected by 
both the spatial and temporal statistics of the stimuli. Under natural 
stimulation, the RF showed a significant inhibitory component that 
was not observed in the responses to the artificial stimuli; moreover, 
the RF estimated with natural stimuli predicted the responses to a 
separate set of natural stimuli more accurately than did the RF esti-
mated with artificial stimuli. Thus, natural stimuli have helped us to 
reveal a functionally relevant response component that has evaded 
characterization with artificial stimuli.

Another example of a response property uniquely revealed by natural 
images comes from a study on cortical feature sensitivity—the ability of 
each neuron to detect the presence of its preferred features in the visual 
inputs12. By analyzing the cortical responses to ensembles of random 
stimuli, natural images and synthetic stimuli with either natural power or 
natural phase spectra, this study showed that the sensitivity of complex 
cells is higher when the feature is present in natural images than when it 
is present in random stimuli. Notably, this enhanced feature sensitivity 
was due to the phase spectra of natural images rather than to their power 
spectra, and it was not predicted by the standard models of complex 
cells4,19,20, which were derived from studies using artificial stimuli. This 
finding suggests that complex cells are functionally more specialized 
than described by the standard models; they respond more vigorously 
to the oriented edges and contours commonly found in natural images 
than to the random stimuli that, according to the standard model, should 
have activated them to the same extent. Of course, once this response 
property is revealed, one can design parametric, artificial stimulus sets 
(for example, sums of sinusoids with various phase relationships21) to 
further characterize this property. However, without the use of natural 
images, it would have been difficult to discover such a property in the 

first place. In addition to this example in the visual system, response 
properties that are specifically tuned to the statistics of natural stimuli 
have also been demonstrated in the auditory system22,23.

Finally, studies on the statistics of natural stimuli have addressed 
the functional significance of a range of neuronal response properties 
previously characterized with artificial stimuli. For example, natural 
visual stimuli contain extensive spatial24 and temporal25 correlations 
(for instance, neighboring pixels tend to have similar luminance values), 
which gives rise to a high degree of redundancy in the input signals. 
Quantitative analyses of these correlations show that the center-sur-
round antagonism of the spatial RFs26,27 and the biphasic impulse 
response functions28 of retinal and LGN neurons are well suited for 
decorrelation of natural stimuli, which significantly reduces the coding 
redundancy29. In the primary visual cortex, reducing redundancy by 
maximizing the statistical independence of the responses of neighbor-
ing neurons (rather than through simple decorrelation) depends on a 
form of contrast gain control that resembles the well-known divisive 
normalization model20. This gain control can account for a variety of 
cortical response properties such as cross-orientation suppression and 
tuning for stimulus size30. Related to redundancy reduction, another 
well-known conjecture of visual processing is sparse coding31, in which 
each stimulus elicits robust responses in only a small number of neu-
rons31,32. Notably, when response sparseness (or, similarly, statistical 
independence) of a population of model neurons was maximized under 
natural stimulation, the RFs of these model neurons resembled those of 
cortical simple cells—in terms of both spatiotemporal profile33–35 and 
chromatic properties36. By demonstrating the functional advantages of 
particular response properties, these theoretical studies have addressed 
the question of why the neurons respond the way they do. This line of 
research thus complements the experimental investigations that focus 
primarily on how the neurons respond.

Challenges in the use of natural stimuli
The results described above have demonstrated that a combination of 
theoretical and experimental studies using natural stimuli can lead to 
new insights into visual processing. However, there are considerable 
challenges in the use of natural stimuli, which makes the skepticism 
of some researchers understandable. To make natural stimuli a more 
useful tool for vision research, we believe it is necessary to address the 
following major issues.

Most theoretical studies of natural stimulus statistics have thus 
far led to explanations of known response properties rather than to 
predictions of new properties. Predictions usually count more than 
explanations, an intuitive notion that has also been endorsed by phi-
losophers of science37. Although explaining the existing observations 
may be safer and less likely to be challenged, ‘sticking one’s neck out’ 
with bold predictions is more likely to make a strong impact. From 
the experimentalists’ point of view, the most attractive predictions are 
those that not only provide a rigorous test of a particular computa-
tional theory, but also lead to potential findings that are surprising in 
their own right, with functional or mechanistic implications reach-
ing beyond the original theory. A good example of such a predic-
tion comes from a recent study, in which independent component 
analysis (a method for maximizing coding efficiency34) was applied 
to the outputs of model V1 complex cells. The result predicted that, 
to represent step edges in images, each V2 neuron pools the responses 
of V1 neurons that have similar preferred orientations and RF loca-
tions but different spatial frequencies38. In another study, a hierarchical 
probabilistic model was used to learn higher-order statistical regu-
larities in natural images. This algorithm yielded representations of 
abstract image properties such as object location, scale and texture39, 
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which may reflect the response properties of extrastriate visual cortical 
neurons. Such predictive modeling studies are highly valued by the 
experimental community.

In experimental studies using natural stimuli, a major difficulty is 
the analysis of the stimulus-response relationship, owing to the com-
plex statistical properties of natural stimuli. In general, estimation 
of RFs involves correlating the stimulus and the response, which is 
relatively straightforward if the stimulus is Gaussian white noise6. 
Unfortunately, natural stimuli are neither white nor Gaussian, which 
can cause inaccuracies in the RF estimation. Although some proper-
ties of natural stimuli have been well characterized (for example, the 
predominance of low-frequency signals resulting from spatial and 
temporal correlations), their higher-order regularities are not well 
understood. For instance, although it has long been recognized that the 
phase structure of natural images is far from random and is important 
perceptually40, only a few studies have addressed the phase  structures 
of natural images41,42. A better understanding of these regularities in 
natural stimuli will greatly facilitate unbiased experimental character-
ization of neuronal response properties using natural stimuli.

At a more basic level, even the concept of ‘natural stimuli’ has not 
been defined rigorously. For example, scenes from city streets and 
forest environments are likely to have different statistical properties, 
such as the distribution of oriented energy43. Each species may be spe-
cifically adapted to its own natural environment, and even the same 
visual circuit may function differently when stimulated by different 
types of natural scenes. Yet, in most studies, the stimuli are ‘natural’ 
only from a human perspective, and the selection of images in the 
stimulus ensemble is largely arbitrary. In an effort to overcome such 
a limitation, one study used video cameras attached to the heads of 
freely roaming cats to record visual stimuli natural to the cat44. The 
resulting stimuli indeed appear quite different from those selected 
from a standard Hollywood production, with a larger representation 
of the visual objects closest to the ground and temporal dynamics 
reflecting the head and body movements of the cat. Similar studies 
have been performed on several other species45–47. To make future 
experimental studies more fruitful, it would be useful to standard-
ize natural stimuli and to categorize them into subclasses based on 
functionally relevant statistical properties. There are multiple criteria 
to consider, such as whether the stimuli are indigenous to the natural 
environment of the particular animal and whether sampling of the 
stimuli reflects the body, head and eye movements of the animal dur-
ing natural behavioral tasks. Although there may not exist a simple 
and obvious set of classification criteria, the field is likely to benefit 
from some level of standardization.

Conclusion
In summary, we believe that physiological experiments using natural 
stimuli and guided by theories derived from natural stimulus statistics 
constitute a powerful approach to understanding the visual system. 
Although in this article we have focused on the early visual pathway, the 
response properties of higher cortical neurons (that is, those beyond 
V1) are likely to be even more closely associated with the characteristics 
of natural stimuli48. Predictions of these properties based on natural 
stimulus statistics combined with experiments using ecologically rel-
evant stimuli may prove to be indispensable for cracking the neural 
code in higher visual areas. In addition to the response properties of 
single neurons, the measurement of ensemble neuronal responses to 
natural stimuli—using multielectrodes49 or optical methods—may also 
reveal new principles of visual processing. Thus, despite the challenges, 
natural stimuli are bound to be critical in advancing our understanding 
of visual processing.
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