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Natural scenes may appear random, but are not only

constrained in space and time, but also show strong spatial and

temporal correlations. Spatial constraints and correlations can

be described by quantifying image statistics, which include

intuitive measures such as contrast, color and luminance, but

also parameters that need some type of transformation of the

image. In this review we will discuss some common tools used

to quantify spatial and temporal parameters of naturalistic

visual input, and how these tools have been used to inform us

about visual processing in insects. In particular, we will review

findings that would not have been possible using conventional,

experimenter defined stimuli.
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Introduction
Many of us are fascinated by the exquisite performance of

flying insects, despite their seemingly simple hardware,

with small brains and low-resolution compound eyes. Often

experimenter defined, relatively simple visual stimuli, such

as high-contrast spots, bars or gratings, have been used to

decipher the algorithms underlying fundamental aspects of

visual processing, such as direction selectivity, orientation

tuning, and velocity tuning [1]. However, when using the

resulting algorithms to predict the responses to more natu-

ralistic stimuli, that is, more representative of the visual

world the insects live in, they may fail [2,3]. Thus, to

understand how insect vision functions in the natural world,

we need to know what this world looks like [4]. In this

review we will describe some common tools used to quan-

tify naturalistic visual input, and how these have been used

to inform us about visual processing in insects. In particular,

we will discuss the redundancy present in natural visual

stimuli and how this redundancy is reflected in insect
www.sciencedirect.com 
sensory processing, as it has been argued that coding and

transformation of natural input at all levels of the visual

system should be adapted to this redundancy in optimal

ways [5��]. Even if we here focus on insects, note that the

circuitry and many of the underlying algorithms are similar

in insects and mammals [1,6,7].

Image transformations and the amplitude
spectrum
To describe the natural world, we use image statistics,

which refers to parameters that can be quantified in an

image, including intuitive measures such as contrast, color

and luminance, but also parameters that can only be

quantified after doing some type of transformation

[4,5��]. To illustrate a common transformation used in

image statistics, we can start with an 8 bit photo of the

Himalayas taken with a conventional camera

(Figure 1a). By performing a 2-dimensional Fourier trans-

form [8] of its grayscale image (Figure 1b) we can extract

the amplitude spectrum (Figure 1c). The Fourier transform

is a mathematical method that allows us to represent the

image in the spatial frequency domain.

To naı̈ve viewers the amplitude spectrum of the image

(Figure 1c) may appear daunting, but it can be explained

in relatively straightforward terms. For example, in the

amplitude spectrum of the image (Figure 1c) different

orientations radiate like spokes on a wheel from its center,

which may be easier to appreciate by re-plotting the

amplitude as a function of orientation (black data,

Figure 1g). For example, there is a white ‘cross’ in the

amplitude spectrum (Figure 1c), highlighting increased

amplitude at 0� and 90� (see gray dashed arrows, black

data, Figure 1g). The increased amplitude at 0� and 90�

correspond to the edges of the photo (Figure 1b), which

disappear if we filter the photo (Figure 1d,e; red data,

Figure 1g; [9�]). Sometimes it is even possible to identify

individual image features in the amplitude spectrum. For

example, the two stakes behind the Eristalis hoverfly

(arrow, Figure 1f) appear as peaks in its amplitude spec-

trum (solid arrow, blue data, Figure 1g).

By averaging amplitude spectra from many natural scenes,

after filtering their edges (as in Figure 1d,e), we know that

there are often peaks around 90� and 180� (Figure 1g)

corresponding to the vertical and horizontal contours,

including the horizon, tree trunks and branches

(Figure 1a,f), that tend to dominate in natural scenes

[10–13]. Many flies orient toward such vertical (90�) fea-

tures, which is exploited in tethered experiments in Dro-
sophila [14,15] and blowflies [16], but hoverflies also fixate

high-contrast landmarks in free flight [17]. This frontal bar
Current Opinion in Insect Science 2017, 24:7–14
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Fourier transforms and the amplitude spectrum. (a) A color photo of the Himalayas taken with a conventional 8 bit camera. (b) The photo

converted to grayscale. (c) The amplitude spectrum of the photo in panel b. (d) The photo in panel b with its edges filtered with a cosine taper.

(e) The amplitude spectrum of the image in panel d. (f) A photo of a male Eristalis tenax feeding from a canola plant in the Himalayas. (g) The

average amplitude from panels c (black) and e (red) as a function of orientation. The blue data show the amplitude of the filtered, grayscale

version of the photo in panel f. The solid arrow points to amplitudes generated by the stakes and the dashed arrows point to edge artifacts.

(h) The rotationally averaged amplitude as a function of spatial frequency. The slope constant is often extracted from a limited part of the

spectrum, see dashed lines. The data have been shifted vertically for visibility. (i) The gray data show the probability distribution of slope

constants in ca. 100 natural scenes [23,75], and its Gaussian curve fit (black). The blue data show the inhibition 6 natural images generate in the

hoverfly cSIFE neuron, as a function of their slope constant. Panel redrawn from [23].
fixation behavior likely relies on an independent position

system [e.g. 18,19,20], potentially by orientation tuned

neurons in the central complex [21�]. Indeed, these central

complex luminance change sensitive ring neurons have a

particular preference for vertically oriented features [21�],
where modeling shows that their coarse visual information

would allow flies to orient toward large high-contrast fea-

tures in natural scenes [22�], such as the stakes in our photo

(Figure 1f).

Above, we looked at the amplitude across orientations

(Figure 1g). If we instead calculate the rotational average

across all orientations, we can plot the amplitude as a

function of spatial frequency (black, Figure 1h). The

amplitude (A) follows a power law:

Aðf Þ ¼ 1

f alpha

in which the amplitude (A) is inversely proportional to

spatial frequency ( f) raised to the power alpha. Because

alpha is the slope of the log–log plot of the amplitude
Current Opinion in Insect Science 2017, 24:7–14 
spectrum, it is referred to as the slope constant [23]. A

consistent body of literature shows that slope constants

across natural images cluster around 1–1.2 (gray data,

Figure 1i) [9�,11,23,24]. The slope constant is often

extracted by doing a curve fit through a limited part of

the spectrum (dashed and green lines, Figure 1h), for

example, to take account of the limited optical resolution

of the insect eye [23]. The slope constant varies between

different types of scenes [11] and is higher in close-up

photos [13], as is obvious in our example (blue data,

Figure 1h). However, note that in our close-up photo

(Figure 1f), the background is unfocused and blurry,

which will artificially increase the slope constant [25].

In the hoverfly lobula plate there is a neuron that is

inhibited by stationary sinusoidal gratings within a lim-

ited band of spatial frequencies, called the centrifugal

stationary inhibited flicker excited (cSIFE) neuron [26].

cSIFE’s inhibition to a range of natural scenes is strongest

to those images that have slope constants around 1–1.2

(blue data, Figure 1i), strikingly similar to the probability
www.sciencedirect.com
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distribution of slope constants across natural scenes (gray

data, Figure 1i; [23]). This observation was confirmed by

using manipulated images to show that the inhibition

disappeared if the slope constant was shifted away from

naturalistic [23].

Correlations and the temporal structure
The temporal structure of natural visual input also follows

a power law (black data, Figure 2b), strikingly similar to

the spatial structure (Figure 1h). Fly photoreceptors and

their first optic interneurons, the lamina monopolar cells

(LMCs), work as whitening filters of naturalistic input

[27–29]. As opposed to naturalistic input, white noise has

equal amplitude at all frequencies (e.g. purple line,

Figure 2b). The term peripheral whitening thus refers

to the processes that transform the typical 1/f slope seen in

natural input (black data, Figures 1h and 2b), to a more

horizontal line, at least across the frequencies that are

relevant to the sensory system (Figure 2d; [27,29]). Periph-

eral whitening is done in both space and time, and strongly

depends on the background light intensity [27,30].

Notably though, it is not only the 1/f structure of the

averaged amplitude spectrum (Figures 1h and 2b) that

makes a stimulus natural, but also the correlations within

the stimulus [4]. Indeed, neighboring points of naturalistic

input are highly correlated in both space and time [4,31�],
with recent papers suggesting how to quantify such

higher-order correlations [32]. For example, if we look

at the top photo in Figure 2a it is clear that the neighbor of

a bright pixel corresponding to the sky is more likely to be

similarly bright, than to have any of the other 256 possible

intensity values. Indeed, if we scramble the pixels of the

scene (Figure 2a, top), it appears to be very unnatural
Figure 2
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(Figure 2a, bottom), even if the individual pixels are

identical and only their spatial arrangement differs.

Naturalistic light intensity time series thus contain struc-

tured asymmetric contrast variations, which correlate

strongly, and drive photoreceptor output vigorously

[33]. The importance of these naturalistic temporal cor-

relations was shown in an elegant series of experiments by

Song and Juusola [34��]. They [34��] recorded intracellu-

lar photoreceptor responses in both Drosophila and the

killerfly Coenosia attenuata to three types of stimuli: a

naturalistic time series (black, Figure 2b) and one where

they scrambled the temporal structure of the naturalistic

input, similar to what we did with the photo in Figure 2a,

in effect creating a white signal (purple, Figure 2b). The

last stimulus consisted of an artificial time series, so called

Gaussian noise, but they altered the slope constant to

make the frequency distribution more naturalistic (green,

Figure 2b). Song and Juusola [34��] showed that the

photoreceptor response to the naturalistic time series

was not only larger [33], but also had higher information

content than the response to either of the artificial stimuli

(Figure 2c), highlighting the importance of temporal

correlations (for Review, see [3]). Indeed, despite having

a naturalistic slope constant the Gaussian noise that they

created (green, Figure 2b) is not naturalistic, as it lacks

such inherent correlations. The importance of such tem-

poral and spatial correlations might partially explain why

it can be difficult to use visual responses to white noise

[35] to predict responses to more complicated stimuli (for

a thorough discussion, see Ref. [36]).

Dark pixels dominate in natural scenes
Photos of natural scenes are often dominated by darker

pixels [31�,37,38�,39], which can be illustrated by plotting
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fo

rm
at

io
n 

ra
te

 (
bi

ts
/s

)

uralistic stimuli
14 

Temporal frequency (Hz)
1 10 100 1000

Peripheral whitening 
van Hateren, 1992

(c) (d)

R
es

po
ns

e 
(m

V
)

ulus

listic 

Current Opinion in Insect Science 

anel shows a grayscale naturalistic scene. The bottom panel shows

amplitude of a naturalistic stimulus time series (black). When the

 flat (purple). The green data show an artificially generated time series

m [34��]) in photoreceptor responses to the three different stimuli

n from [27]) to naturalistic input (e.g. black data in panel b).

Current Opinion in Insect Science 2017, 24:7–14
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a histogram of the probability distribution of pixel inten-

sities within a grayscale photo (Figure 3a). This domi-

nance of dark pixels is often quantified using skewness or

kurtosis, which are both mathematical measures of how

non-Gaussian a distribution is [38�,40,41]. Natural input is

not only positively skewed in space (Figure 3a), but the

temporal structure of a natural intensity time series is

similarly positively skewed (Figure 3b, note that the x-
Figure 3
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axis is a log scale, understating the positive skew; see

Refs. [31�,33]). Extensive adaptive processes in fly photo-

receptors and LMCs allow for encoding these large,

naturalistic luminance ranges [42]. Indeed, in fly photo-

receptors, pixel-wise adaptation [43] leads to a less

skewed response probability (Figure 3c, note linear

x-axis), becoming completely symmetrical in their LMCs

(Figure 3d) [33]. Peripheral processing thus appears to
(c)

ripheral intensity coding
van Hateren, 1997

P
ro

ba
bi

lit
y

PR response (mV)
 5 15 25 35

P
ro

ba
bi

lit
y

LMC response (mV)
-10 0 10

4 Tm2

(d)

ON receptive fields
Arenz et al, 2017

OFF receptive fields
Arenz et al, 2017

(f)

(h)

m4 Tm2

L4
Mi1

Tm3

28
 d

eg
re

es

Mi4

Mi9

28
 d

eg
re

es Tm1

Tm2
Tm4

Tm9

ON
OFF

Current Opinion in Insect Science 

a) The luminance probability histogram of the pixels in the inset photo.

ies. (c) The probability distribution of photoreceptor (PR) responses to

 responses to the naturalistic time series. Panels b–d redrawn from

ON (T4) and OFF (T5) motion vision pathways, respectively, redrawn

trinsic (Mi) and transmedulla (Tm) neurons of the ON/T4 pathway,

 of the medulla intrinsic (Mi) and transmedulla (Tm) neurons of the ON/

 shows the time constants as mean � SD as given in Refs. [47,50].

hway, redrawn from [47].
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optimally encode the naturalistic dominance of dark

pixels (Figure 3a–d; [44,45]).

Fly LMCs can be subdivided into 5 subtypes, labeled

L1–L5 [46]. These LMCs project to transmedulla (Tm)

and medulla intrinsic (Mi) interneurons in the medulla

[46], which connect to T4, part of the ON motion vision

pathway, coding for bright intensity changes, and T5,

which is part of the OFF pathway, coding for dark

intensities (Figure 3e; [47–51]). Three of the receptive

fields of the neurons in the ON pathway have ON centers,

that is, their centers are excited by impulses of light (red,

Figure 3f), whereas one has an OFF center (Mi9,

Figure 3e; [47]). The receptive fields of the Tm neurons

in the OFF pathway, however, all have similar structure,

with an OFF center and ON surround (Figure 3h; [47]).

In the medulla there are thus more neurons responding to

dark contrast changes than bright contrast changes (blue

OFF centers, Figure 3f,h). Furthermore, whereas the

OFF pathway is highly selective, neurons in the ON

pathway give breakthrough responses to dark edges

[52]. This, together with the finding that the eightme-

dulla neurons have strikingly different kinetics

(Figure 3g) [47,50], could be useful for the requisite

dynamic encoding of naturalistic time series dominated

by dark pixels (Figures 2b and 3a,b). Similar ON-OFF

asymmetries are also found in the dragonfly L-neurons

(the outputs of the ocellar photoreceptors; [36]), in drag-

onfly small target motion detector (STDM) neurons [53],

in locust looming sensitive descending contralateral

movement detector (DCMD) neurons [54], all of which

give stronger responses to dark stimuli than to bright
Figure 4
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stimuli. However, a loom-sensitive neuron in Drosophila,
showed no such asymmetry [55].

Naturalistic motion vision
The responses of motion vision sensitive neurons in the

fly lobula plate strongly depend on the contrast of artificial

stimuli, such as sinusoidal gratings (Figure 4a) [56,57].

Note that there are many definitions of contrast in the

literature [24], which differ in absolute values, but usually

not in relative rank [58]. When working with natural

scenes we recommend using the root mean square

(RMS) contrast as it depends on the standard deviation

of luminance values [24], rather than just the minimum

and maximum values, like the often-used Michelson or

Weber contrast. The contrast dependency in the response

to sinusoidal gratings can be predicted from the non-

linear correlation (usually a multiplication) of a 2-point

correlator (Figure 4c). However, in response to naturalis-

tic, panoramic scenes, this strong contrast dependency is

gone (Figure 4b; [2,58]), which the 2-point correlator

(Figure 4c) does not predict. Importantly, moving natu-

ralistic scenes contain many more complex correlations

[59�] than simple sinusoidal gratings do. By modifying the

simple 2-point correlator (Figure 4c) to include 3-point

correlations, which compare the same point in space at

two points in time, and two points in space at the same

time (Figure 4d,e), responses to naturalistic image

sequences become much more robust [59�,60]. Indeed,

these 3-point correlators (Figure 4d,e) require the asym-

metric contrast distributions (Figure 3a,b) of naturalistic

stimuli [31�,61]. Note that there are many other non-

linearities that can be added to a 2-point correlator to
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eural response to moving wide-field sinusoidal gratings with different

 scenes covering a large range of contrasts. Figure redrawn from [2].

fferent time points. (d) A diverging 3-point correlator. (e) A converging
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provide more robust responses to naturalistic motion

[60,62–64] and that our current understanding of the

input elements to motion vision (Figure 3e) strongly

argue against a biological simple 2-point correlator

[47,49,50,65]. Furthermore, the spatial pooling that takes

place in the input dendrites of fly motion vision neurons,

together with their axo-axonal gap junctions [66], and fast

adaptation [57], additionally assist in providing more

robust responses to naturalistic motion.

The data in Figure 4a,b also highlight that it is hard to

predict the responses to natural stimuli from responses to

artificial stimuli. Why then, are artificial stimuli so popular

in insect vision? Probably because it is much easier to

understand the input–output function when the input is

easier to characterize and describe mathematically. The

more natural a stimulus is, the more complicated it is to

describe, and it can be hard as the experimenter to identify

the defining character. A complicating factor is also how to

reproduce naturalistic stimuli in the lab, where most

electrophysiological recordings and quantitative behavior

still have to be performed, as visual displays limit the

naturalness of stimuli. Whereas the temporal resolution

is high enough in LED arenas [67], they tend to provide

low spatial resolution, below the optical resolution of, for

example, hoverflies [68] and dragonflies [69]. Many labs

use LCD screens [70], but these are optimized for trichro-

matic human vision, whereas many insects have more than

three opsins [71]. In motion vision, this might not be an

issue, as this pathway is believed to be colorblind [72], but

see [73], but when using stationary images, it certainly is. Is

it then better to display the image in grayscale? Based on

our own bleak perception of a natural scene displayed in

grayscale versus the same brilliant scene in color (Figure 1a,

b), this is probably not optimal either. Nevertheless, we

strongly encourage more naturalistic stimuli to be used,

especially as visual displays continue to develop [74�], as

we can learn a lot from the neural responses to these.
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