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Can the brain understand the brain?
Can it understand the mind? Is it
a giant computer, or some other kind
of giant machine, or something more?
(David Hubel, 1979)





Zusammenfassung

Neuere Untersuchungen zur neuronalen Kodierung von Objekten im visuellen Kortex un-

terstützen die Bindung-durch-Synchronisation-Hypothese (binding-by-synchronization hy-

pothesis). Anhand von Experimenten an wachen Rhesusaffen konnten lokale Synchronisa-

tion sowie wahrnehmungsabhängige Modulation rhythmischer oder stochastischer γ-Akti-

vität (30–90 Hz) gezeigt werden, die den Regeln der Figur-Hintergrund-Trennung folgen.

Andererseits zeigt sich jedoch auch, daß die räumliche Ausdehnung der γ-Synchronisation

lediglich auf wenige Millimeter der kortikalen Oberfläche beschränkt ist. Dieses Ergebnis

stellt allerdings die Synchronisations-Hypothese für größere kortikale Objektrepräsenta-

tionen insofern in Frage, als der Bereich der γ-Synchronisation im retinotop gegliederten

visuellen Kortex nur einen kleinen Ausschnitt des visuellen Feldes abdeckt.

Abgesehen von Synchronisationsphänomenen wird in der Literatur bei einer Vielfalt neu-

ronaler Strukturen, in verschiedenen Frequenzbereichen sowie bei unterschiedlichsten Tier-

arten neuronale Aktivität auch in Form laufender Wellen beschrieben. Vermutlich man-

gels geeigneter Analysemethoden wurden derartige Beobachtungen bislang hauptsächlich

qualitativ untersucht. Quantitative Untersuchungen und statistische Analysen laufender

Wellen in Verbindung mit Experimenten zur Wahrnehmungsorganisation konnten bis dato

nicht erfolgreich durchgeführt werden.

Das Fehlen adäquater Analysemethoden ist insofern bemerkenswert, als laufende Wel-

len nicht nur einen weiteren interessanten Typ der Signalkopplung darstellen, sondern

auch den Zustand der Synchronisation als einen Spezialfall beinhalten, der allgemein als

stehende Welle bekannt ist. Laufende Wellen stellen vor diesem Hintergrund eine verall-

gemeinerte Form der raum-zeitlichen Kopplung dar. Da insofern die Voraussetzungen für

laufende Wellen im Vergleich zur Synchronisation weniger restriktiv sind, könnten erstere

größere kortikale Bereiche abdecken und auf diese Weise dazu beitragen, die räumlichen

Beschränkungen der Synchronisation in Bezug auf die Bindungs-Hypothese zu überwin-

den. Aus dieser Sichtweise ergibt sich die Frage, ob in neuronaler γ-Aktivität, die in der

primären Sehrinde (primary visual cortex, V1) des Affen gemessenen wird, laufende γ-Wel-

len enthalten sind.



Um diese Hypothese zu überprüfen, wurde eine neue Analysemethode entwickelt, die

die Auswertung einzelner Versuchsdurchgänge bei Mehrkanalaufnahmen ermöglicht. Diese

Methode wird als raum-zeitliche Korrelation (spatio-temporal correlation, STC) bezeich-

net. Mit Hilfe dieser Analysemethode können laufende Wellen detektiert und quantifiziert

werden. Die Reliabilität und Validität der STC-Methode sowie die Signifikanz der da-

mit gewonnenen Ergebnisse wurde mit künstlichen und experimentellen Daten getestet.

Der direkte Vergleich mit typischerweise für die Synchronisationsdetektion verwendeten

paarweisen Korrelationsmethoden (Kreuzkorrelation, Kohärenz) ergab, daß diese versa-

gen, wenn es darum geht, Phasenkopplungen von Wellen mit zeitlich variierender Aus-

breitungsrichtung aufzudecken. Die raschen Änderungen sowie die hohe Variabilität der

Ausbreitungsrichtung der Wellen führen bei ihnen zu einer – durch Mittelung über Zeit

und Einzelversuche methodisch verursachten – destruktiven Superposition. Demgegenüber

zeigt die STC-Methode bei der Detektion laufender Wellen eine hohe Treffsicherheit.

Bei der erneuten Analyse älterer und aktueller Daten unserer Arbeitsgruppe mittels der

STC-Methode zeigte sich, daß laufende Wellen im γ-Frequenzband lokaler Feldpoten-

tiale (LFP) in V1 des Rhesusaffen sehr häufig auftreten. Ihr Auftreten ist stark stimu-

lus-abhängig; ihre Geschwindigkeiten (Maximum bei 0.3m/s) ähneln den gemessenen axo-

nalen Leitungsgeschwindigkeiten horizontaler Verbindungen in V1. Die γ-Wellen werden

insbesondere von solchen Neuronen erzeugt, die lokale Merkmale der Objektoberfläche re-

präsentieren, wobei ihre Kopplungsreichweite (Halbwertsbreite: 9.5 mm) die der Synchro-

nisation (Halbwertsbreite: 3 mm) bei weitem übertrifft. Diese Ergebnisse machen deutlich,

daß die γ-Synchronisation in V1 eine lokale Erscheinungsform weiträumig laufender Wellen

ist.

Die Kopplungsdynamik laufender Wellen hängt zudem stark von der Kontinuität der Ob-

jektoberfläche ab. Dies bedeutet, daß die Phasen-Kontinuität der γ-Wellen entweder inner-

halb oder außerhalb der kortikalen Repräsentation eines Objekts existiert, die Objektgren-

zen jedoch nicht überschreiten kann. Dabei erweist sich der Entkopplungseffekt quer über

die Objektgrenzen annähernd um den Faktor zwei stärker als derjenige der γ-Synchroni-

sation. Die oben dargestellten Beobachtungen deuten folglich darauf hin, daß γ-Wellen die

funktionelle Kopplung von Neuronen, die lokale Merkmale der Objektoberfläche repräsen-

tieren, gemäß den Gestalt-Gesetzen der Wahrnehmungsorganisation widerspiegeln.

Insgesamt legen diese Ergebnisse die Vermutung nahe, daß die Phasen-Kontinuität laufen-

der γ-Wellen die Kodierung der Objekt-Kontinuität unterstützt und insofern eine Erwei-

terung der anfänglich vorgestellten Bindung-durch-Synchronisation-Hypothese darstellt.



Abstract

Recent experiments in awake rhesus monkeys supported the binding-by-synchronization

hypothesis for neural object coding in visual cortex. They demonstrated local synchrony

and perceptual modulation of rhythmic or stochastic γ-activities (30–90 Hz), according to

the rules of figure-ground segregation. But they have also shown that the spatial extent

of γ-synchrony is restricted to few millimeters of cortical surface. Hence, the range of

γ-synchronization in retinotopically organized visual cortex can only cover small regions

of the visual field, challenging the synchronization hypothesis for larger cortical object

representations.

Apart from synchrony, traveling waves of neural activity were found in a variety of neural

structures, frequency ranges and animal species. Observations in this area are mostly de-

scribed qualitatively. Suitable analysis methods were probably not known and therefore,

quantitative examinations and statistical analysis of traveling waves in conjunction with

perceptual binding were not successfully carried out. The lack of appropriate analysis

methods is remarkable because traveling waves do not just represent another interesting

type of signal coupling. They also include the state of synchrony as a special case, com-

monly called standing wave. In this sense, traveling waves represent a generalized form of

spatio-temporal coupling. Since the preconditions for traveling waves are less restrictive

than for synchrony, they may cover larger cortical regions and, thereby, help to overcome

the spatial limitations of synchrony with respect to the binding hypothesis. From this

point of view, it is of interest to clarify whether neural signals of γ-activity in monkey

primary visual cortex (V1) also contain traveling γ-waves.

In order to test this hypothesis, a new single-trial analysis method for multi-channel record-

ings was developed, called spatio-temporal correlation (STC). It is capable of detecting and

quantifying traveling waves. The reliability and validity of the STC-method as well as the

significance of its results was tested on artificial and experimental data in comparison

with conventional pairwise correlation methods that are typically used for synchrony de-

tection (cross-correlation, coherence). While conventional methods fail to uncover phase

coupling of waves that vary their propagation direction over time, the STC-method reveals

a high accuracy of traveling wave detection. Fast changes and a high variability of the



waves’ propagation direction lead to a destructive superposition in the temporal and trial

averaging process of the conventional methods.

The reinvestigation of data from previous and new experiments of our group using the STC-

method demonstrated that traveling waves often occur in the γ-frequency band of local

field potential (LFP) in monkey V1. Moreover, they show strong stimulus-dependency.

Their velocities (peaking at 0.3 m/s) are similar to those of spike conduction of horizontal

connections measured in V1. In particular, it can be shown that γ-waves are most likely

carried by neurons representing local features of the object surface, and that their coupling

range (half-height decline about 9.5 mm) exceeds the coupling range of γ-synchronization

(half-height decline about 3 mm) by far. These results demonstrate that γ-synchrony in

V1 is a local manifestation of large-scale traveling waves.

The coupling dynamics of traveling waves depend strongly on the continuity of the object’s

surface. This means that phase continuity of γ-waves exists either inside or outside of the

cortical representation of an object, but cannot cross its boundaries. This decoupling

effect of γ-waves was approximately stronger by a factor of two than that of γ-synchrony

across the object boundaries. Thus, all of the above observations indicate that traveling

γ-waves reflect the functional coupling of neurons representing the local features of an

object’s surface, according to the Gestalt laws of perceptual binding.

In conclusion, these findings strongly suggest that phase continuity of traveling γ-waves

supports the coding of object continuity as an extension to the previously mentioned

binding-by-synchronization hypothesis.
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Chapter 1

Introduction

How does the brain enable us to perceive and recognize distinct objects of a visual scene?

Coming upon a visual scene such as an ordinary room, for example, we recognize effort-

lessly any objects like a chair, some books on a table and images hanging on the wall.

For most of us, perception is first and foremost the perception of objects and their loca-

tions. This makes sense when we consider that we must interact with objects located in

particular places. We must navigate around obstacles, find something to eat and avoid to

be eaten from our enemies in the real world. Conscious perception of objects seems to be

independent of their shape, color, motion and other features. For instance, while we walk

around objects, we perceive them instantaneously as a whole and we are not aware of their

detailed features. This subjective impression might be taken to suggest that local features

of objects are not involved in the perception process. However, previous investigations of

the visual system show that early pre-attentive mechanisms process different local features

of a visual scene separately and in parallel. This kind of strategy raises the question how

the spatially segregated representations of various features of a visual scene are actively

’bound’ together. In other words, what neuronal mechanisms could support the process

of feature integration to form a unified perception of objects in the visual world?

1.1 Functional specialization in visual cortex and the

binding problem

The idea of a binding problem arises from the fact that different aspects of the incoming

sensory information are processed separately and in parallel in the brain. Even within

cortical areas the tasks are shared, e. g. different features of a visual object, such as color,

texture, shape and motion, are processed and represented by distinct neuronal units of the

visual cortex. Physiologists, psychologists and anatomists have produced ample evidence

for this notion of functional specialization. Furthermore, within each feature dimension
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(e. g. orientation of line segments or color) parameter values (e. g. orientation angle or

red, green and blue) are processed by distinct groups of neurons within and across sev-

eral sub-cortical stages. A visual object is typically composed of different features and

moreover, these features can take different values at different locations of the object. For

example, when we look at an apple, its surface contains different shades of red and green

colored regions and its shape is limited by a contour composed of line segments with

an orientation angle ranging from 0 ◦ to 180 ◦. All the spatially segregated information

must be correctly associated to form a unified object perception. Such explicit association

becomes especially important when more than one visual object is present, in order to

avoid incorrect combinations of features belonging to different objects. For instance, when

we look at a banana lying next to the apple, it is necessary to avoid that the banana is

perceived erroneously to be red-green colored or vice versa, that the apple is perceived

erroneously to be yellow colored.

1.1.1 Anatomical and physiological evidence for separated fea-

ture processing

The retina samples the visual field (180◦ × 130◦ in human binocular vision) by means of

≈ 108 photo-receptors. The receptors consist of two major classes known as rods and

cones representing an early division in the visual system. Rods are extremely sensitive to

light and provide achromatic vision at low (scotopic) levels of illumination. Cones are less

sensitive than the rods, but provide color vision at high (photopic) levels of illumination.

The separate processing of color is maintained over several cortical stages. Already at the

stage of retinal ganglion cells the visual processing reveals another functional distinction:

the magno- and parvo-cellular pathway.

The two pathways are named after the clearly separated layers in the lateral geniculate

nucleus (LGN) which the ganglion cells project onto via the optic nerve. The parvo-

cellular layers are characterized by high spatial resolution, low temporal resolution and

color selectivity. The cells in these layers have small cell bodies that take input from

the foveal region where ganglion cells with small receptive fields (RFs) are dominant. The

magno-cellular layers show no color selectivity, lower spatial resolution, but higher contrast

sensitivity and higher temporal resolution (Derrington and Lennie, 1984; Schiller et al.,

1990). They are made up of large cells that take input from ganglion cells with large

RFs. The ganglion cells themselves receive input by both rods and cones via bipolar cells

(laterally connected by amacrine cells).
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At the level of the primary visual cortex (V1), also known alternately as area 17 and

striate cortex, the magno- and parvo-pathway partially interact (Allison et al., 2000). At

this level, for the first time monocular afferent inputs of both left and right eye converge

onto neurons with binocular RFs, which are excitable by visual stimulation of each single

eye. The neurons of V1 are organized into both layers and columns. The magno-pathway

projects onto layer 4Cα, the parvo-pathway projects onto layer 4Cβ. From there fibers

project onto layers 2, 3 and 4B before propagating to higher cortical areas. Layers 2

and 3 consist of a mosaic of small regions called blobs, the areas between the blobs are

the inter-blobs. Blob neurons (receiving input from magno- and parvo-cellular layers) are

sensitive to the color or contrast of a stimulus, but not to its shape or motion. Inter-blob

neurons (receiving input from parvo-cellular layers) are selective for the orientation of an

edge stimulus but are insensitive to its color and motion. Neurons in layer 4B (receiving

input from magno-cellular layers) are selective for orientation and direction of motion

but not color (Livingstone and Hubel, 1984, 1988). Thus it appears that the functional

specialization observed at the level of the LGN is also expressed and further refined in V1.

At higher levels in visual processing, understanding of function becomes increasingly vague.

Fibers from V1 project onto visual area 2 (V2). Histological analysis of V2 reveals three

distinct patterns of cells: thin stripes, thick stripes and pale stripes. Blobs project onto

the thin stripes which appear to be involved in color vision. Inter-blobs project onto the

pale stripes which seem to be processing aspects of form. The thick stripes receive input

from layer 4B and are organized to process stereoscopic depth information (Fischer and

Poggio, 1979). From V2 the thin stripes project onto visual area 4 (V4) another area

specialized for processing color information; the thick stripes project onto mediotemporal

cortex (MT/MST) where motion and stereo information are processed (Zeki, 1978; DeYoe

and van Essen, 1988; Livingstone and Hubel, 1988). The functional specificity observed

at lower levels in vision continues at higher levels in visual processing.

Apparently, visual information is divided into two separate visual pathways that extend

from V1 in the occipital lobe to the parietal and temporal lobes (Ungerleider and Mishkin,

1982). These pathways include several visual areas and serve two different functions.

The one reaching the temporal area is crucial for identifying objects (also referred to as

What-path), whereas the one reaching the parietal area is crucial for locating objects (also

referred to as Where-path). Support for this idea came from studies with monkeys. Lesions

of inferior temporal cortex (IT) produced deficits in the animal’s ability to discriminate

between objects on the basis of their visual features but did not affect their performance

on a distance discrimination (landmark) task. Conversely, lesions of the posterior parietal

cortex produced deficits in performance on the landmark task but did not affect object
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discrimination learning (Ungerleider and Mishkin, 1982). The distinction between cortical

areas of perception cannot be taken too strictly, because subsequent findings were more

consistent with a distinction between perception on the one hand and grasping action on

the other. Electrophysiological studies can readily explain that monkeys with posterior

parietal lesions fail to orient toward the landmark (i. e. how to make the movement), rather

than to discriminate between different landmarks. Because the above mentioned landmark

task could only be performed by a grasping action (review: Milner and Goodale, 1998).

However, the existence of separated cortical processing of different object properties to a

certain degree cannot be argued away.

In summary, in monkey visual cortex more than 30 areas are distinguished, each one part

of a chain or system that consists of several sub-cortical stations or structures (review: Zeki

and Bartels, 1999). However, visual areas are not isolated processing modules. Instead

they constitute a complex network (Rockland and Pandya, 1979; Felleman and van Essen,

1991). The visual areas are highly interconnected by mutual anatomical projections.

Thus, incoming visual information is processed hierarchically, separately and in parallel.

The connection between areas are mostly reciprocal with no known exceptions: an area

A that projects to area B also has recurring projections from B. Feedback connections

exist along the hierarchical forward (bottom-up), backward (top-down) axis and between

parallel processing streams (lateral). Within each area, parallel processing of feedback and

lateral interaction generates representations of visual features with special topographies

(e. g. orientation maps in V1; Bonhoeffer and Grinvald, 1991). The interaction is mediated

either directly by a dense network of intra-areal lateral connections (e. g. Gilbert, 1993),

or indirectly via intra- or inter-areal feedback loops containing convergent and divergent

projections (review: Salin and Bullier, 1995).

As mentioned at the beginning of this section, neural analysis of the visual scene is in

principle local at the early stages of visual processing. The RFs of neurons in V1 are

sufficiently small that the retinal image of any reasonably sized object will activate many

neurons within V1, each responding to some local fragment of the visual object. Various

local features within the fragment are encoded simultaneously in different sub-cortical

structures of the visual system. Moreover, responses of V1 neurons are modulated by

contextual interactions, such as the joint presence of contour stimuli within the RF and

in its surround (e. g. Kapadia et al., 1995, 1999; Zipser et al., 1996; Lamme et al., 1998;

Polat et al., 1998). For example, the contextual modulation enhances selectively the

responses in the presence of good continuation (Koffka, 1935). This effect is influenced

by line segment collinearity corresponding to orientation-specific linkages of V1 neurons

by horizontal connections (Bosking et al., 1997). In addition, the activity of stimulus
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representations that are part of the figure rather than of the ground, can be increased by

feedback signals from extrastriate cortex (Zipser et al., 1996).

The findings of separate cortical processing of local features, including feedback and lateral

interaction, together with the speed of object perception (100–300 ms; e. g. Thorpe et al.,

1996) suggest that neuronal representations in V1 are involved in the processing of global

rather than simply local features of visual objects. Presumably, a pre-attentive mechanism

at the stage of V1 can already serve following functionalities: first, neuronal populations of

different feature representations belonging to one visual object could be bound dynamically

together. Second, neuronal populations belonging to different visual objects could be

segregated simultaneously from their backgrounds as well as from one another.

1.1.2 Psychophysical and neurophysiological evidence for sepa-

rated feature processing

Functional specialization in the visual system can also be demonstrated psychophysically.

Under certain experimental conditions the visual system has difficulty to bind different

features of one visual object together in certain cases. This can occur in intact brains

when there are temporal or capacity limitations, which lead to errors such as illusory

conjunctions. For example, when subjects must report on the identity of items in briefly

presented arrays of colored shapes, they often report seeing a stimulus made up of the color

from one array element and the shape from a different array element (reviews: Wolfe and

Cave, 1999; Treisman, 1999). Apparently perceptual features can become unbound from

their original objects and can be recombined to form a new object representation. Difficulty

in binding can also occur in damaged brains, when deficits appear that cause a variety

of perceptual disorders. For example, patients suffering from simultagnosia are unable to

perceive more than one object at a time. Other experiments show unexpected dissociations

between pathways. For instance, patients with lesions restricted to parietal cortex can

discriminate objects according to shape, but cannot properly grasp them in accordance

with the visual percept. Others with lesions in temporal cortex fail the discrimination

task, but can respond perfectly well to that stimulus with an appropriate grasping action

(Goodale et al., 1991, 1994). Many other types of agnosia emphasize the existence of

cortical areas engaged with different visual tasks before detailed neurophysiological data

were available (e. g. Kolb and Whishaw, 1993). Both experiments and case studies confirm

the existence of separated processing for different features of visual objects and suggest

that information about different features is shared between separated processes.
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1.2 Potential processing principles for the solution of

the binding problem

Binding isn’t a problem for nervous systems, as evolution has sculpted their organi-

zation to solve the problem efficiently and effectively. It is only a problem for those

of us trying to understand how the nervous system achieves the task. (Gray, 1999)

In the following I will discuss briefly different concepts proposed to solve the binding

problem and consider their advantages as well as their deficits. For a better understand-

ing, these concepts are described isolated from each other, but must rather be seen as

complementary.

1.2.1 Convergent projections

A widely accepted concept for feature integration relies on convergent projections, i. e.

neurons receive convergent inputs from neurons at lower levels in the cortical processing

hierarchy (Barlow, 1972). The response strength of the target neurons increases with both

the number and the strength of their active excitatory neurons. Accordingly, the target

neurons can represent combinations of different features encoded by their input neurons.

There is a large body of evidence demonstrating that RF properties increase in complexity

and specificity across the cortical hierarchy. For example, in V1 we find neurons that

selectively respond to bars with certain orientations (e. g. Hubel and Wiesel, 1977). In

areas MT/MST, V4 and IT we find neurons that respond to motion, color (in the context

of color constancy) and form. At higher levels of the temporal pathway neurons respond

selectively to object-like stimuli such as flowers, snakes, hands and faces (e. g. Desimone

et al., 1984; Perret et al., 1987). In addition, the selectivity for complex features appears

early in the time course of responses to stimuli (100–200 ms; Rolls and Tovee, 1994). The

convergent feed-forward feature integration can support this fast temporal processing.

The combination of these attributes provides a strong argument that feature binding

can be achieved by hierarchical and convergent connectivity. However, there is evidence

that this is not likely the complete solution for the binding problem. If we assume that

the hierarchical neuronal coding could be realized hard-wired for each location and for

any combination of features, the binding problem would be solved. A localized group

of few neurons with highly complex feature selectivity, also called grandmother neurons,

would represent any imaginable stimulus anywhere located in the visual field (cardinal

cell hypothesis ; Barlow, 1972). Such a high selectivity is extremely inefficient with respect
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to the number of neurons and connections needed to represent all of the possible feature

combination. This problem of combinatorial exploding is in disagreement with the limited

number of neurons in the visual system. Moreover, there is no known cortical area where

any kind of distinct features of an arbitrary complex stimulus is represented. Finally,

while the RFs along the temporal pathway increase in selectivity for different complex

features, the size of RFs increases also (e. g. Maunsell and Newsome, 1987). In other

words, the increase in selectivity is done at the expense of spatial resolution. Neurons with

RFs selective for complex stimuli are typically invariant to the exact location (translation

invariance) or the size of the complex stimulus (size invariance). This invariance coding is

an objective for object perception on the one hand, but implies a binding problem on the

other: at high-level areas a large RF can cover multiple objects of a visual scene. But then

the combination of features preferred by the corresponding neuron does not necessarily

belong to a single object. This is in contradiction to an unambiguous object perception

and may increase unnecessarily the probability of illusory conjunctions.

1.2.2 Population code

The combinatorial problem can be overcome by a simple modification of the convergent

coding scheme. Instead of representing the integration of features by the activity of few

grandmother neurons at specific cortical locations, the activity of a neuronal population

distributed within and across levels of the cortical hierarchy could represent complex fea-

ture combinations (Ballard et al., 1983; review: van Essen et al., 1992). In this scheme,

each feature combination could be represented by a distinct pattern of neuronal activ-

ity in a distributed population of neurons. The combinatorial problem would be solved,

because the number of distinct patterns of activity far surpasses the number of neurons

available to represent the stimuli. This scenario is in agreement with many aspects of

the anatomical and physiological organization of visual cortex. The anatomical connec-

tivity within and between different levels of the cortical hierarchy is is both divergent and

convergent (cf. Section 1.1.1). In a given area, neurons send divergent outputs to other

areas, enabling the neurons in the target area to receive convergent input from many

sources. Such an organization provides neuronal populations at the highest levels of the

hierarchy with broad access to the entire visual field and the full range of visual feature

properties. For example, the mechanism of selective attention is proposed to overcome

ambiguities resulting from invariance coding, and therefore to allow a localized selection

and processing of single objects. In this view, attention is mediated by the enhancement

of neuronal activity representing the currently attended object induced by other cortical
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areas (biased competition; Bundesen, 1990; Desimone and Duncan, 1995; review: Kastner

and Ungerleider, 2000). In other words, the RF size is reduced dynamically to the extent of

the attended object, increasing the spatial resolution in the temporal pathway, and hence

reducing the binding problem (reviews: Desimone, 1998; Reynolds and Desimone, 1999;

Wolfe and Cave, 1999). Other investigations suggest that attention solves the binding by

suppressing all the unattended features or enhancing the activities evoked by the attended

features (e. g. Olshausen et al., 1993, 1995).

As partly mentioned in Section 1.1.1, the neuronal activity (spike-rate) does not repre-

sent merely simple local features at the level of V1. Several pre-attentive phenomena of

contextual activity modulations from outside the classical RF in V1 have been reported,

such as pop-out, collinearity enhancement and enhancement at the border of figures (All-

man et al., 1985; Knierim and van Essen, 1992; Kapadia et al., 1995). Moreover, not

just responses at the borders of a figure are enhanced, but responses within the entire

object are enhanced compared to the background (e. g. Lamme, 1995; Zipser et al., 1996).

Responses of V2 neurons can be strongly modulated depending on whether the contrast

border belongs to a figure on one or the other side of the receptive field (border ownership

coding), although the classical RF size of V2 neurons is small compared to the object size

(Zhou et al., 2000). Modulatory effects of collinearity enhancement may be explained

by facilitatory and inhibitory interactions within a lateral network of orientation-specific

connectivity (Gilbert, 1993; Kapadia et al., 2000). But the more complex effects of border

ownership and activity enhancement within the object cannot be explained sufficiently by

the so far described lateral interactions. Additionally, feedback interactions were proposed

to facilitate the activity of representations covered by the surface of the object at early

stages of visual processing including V1 (Lamme et al., 1998; Hupe et al., 1998; Lamme

and Roelfsema, 2000; Roelfsema et al., 2002). Thus, on both anatomical and physiological

grounds, it appears reasonable that processes involved in feature integration and binding

involve distributed neuronal activity.

The concept mentioned above sounds certainly plausible, but there is also a downside.

If we consider the common situation of a natural scene containing multiple objects and

backgrounds varying in texture, luminance, color, size and overlap, a real conceptual

problem arises. If features and objects are represented solely by the activity of distributed

populations of neurons, how are the vast numbers of active neurons of the cortical network

disambiguated from one another? How can one or more distinct patterns of activity be

identified from the many others that are present at the same time (superposition problem;

e. g. Milner, 1974)? This problem exists also for patterns of activity within or across

cortical areas. Even the selective attention implies a hen and egg dilemma: how can a
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selection process work on an input containing multiple adjacent or overlapping objects

(corresponding to multiple overlapping active populations of neurons) without having

already solved the segmentation problem? The attention-driven mechanism may, therefore,

only contribute to the stabilization of neuronal representations once feature binding and

scene segmentation have occurred. In early visual areas, a general problem for contextual

modulation of activity arises from the fact that the response strength of a neuron depends

strongly on the degree of match between the stimulus and the classical receptive field (cRF)

of the neuron. In other words, the activity enhancement alone is ambiguous to represent

both local fit of a feature and its contextual affiliation to an object.

1.2.3 Temporally correlated assemblies

A third option for solving the binding problem can be traced back to Hebb (1949), who

suggested that neuronal representations should be organized into functional groups, com-

monly called neuronal assemblies, i. e. distributed populations of cooperatively interacting

neurons, as a whole, signal the presence of a current perceived object. Each neuron can

participate in different neuronal assemblies at different times, but can still represent the

same feature. The combinatorial variety among different features can be compensated by

an equivalent combinatorial potential of possible assembly formations in the time domain.

Therefore, neuronal assemblies allow flexible binding of arbitrary feature constellations

and provide a highly economical use of neurons (Edelman, 1989; Gerstein et al., 1989;

Palm, 1990). However, this coding scheme faces a serious problem. In a typical and real-

istic visual scene, for example, distributed representations face a superposition problem,

when multiple objects are presented to the visual system (Milner, 1974; Reitboeck, 1983;

von der Malsburg and Schneider, 1986). Neurons that respond to one of the objects are,

in principle, indistinguishable from neurons that respond to another object. The neuronal

responses only reflect the presence of different features in a visual scene, but information

about which feature belongs to which object is lost. Thus, which neuron belongs to which

of the current assemblies? Latter authors suggested that ambiguities may be removed from

a distributed representation by using the precise timing of action potentials (e. g. synchro-

nization) as a label. This binding-by-synchronization hypothesis predicts that neurons

responding to various features of a single visual object should synchronize their activity,

whereas neurons responding to different visual objects should not be synchronized. This

coding strategy allows multiple assemblies to become active at the same time without

becoming confounded, while individual response strengths (spike-rates) can still represent

the matching degree between stimulus and local feature preference of the corresponding
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neurons. The hypothesis of temporal correlation provides apparently a potential solution

to the binding problem.

Neuronal phenomena of synchronization

Numerous studies have shown that neurons in both cortical and sub-cortical areas can

synchronize their activities in accordance with perceptual laws of grouping. Especially in

the γ-frequency range (30–90 Hz) synchronized neuronal activity gained high interest as

a potential indicator for feature binding (Eckhorn et al., 1988; Gray et al., 1989; Engel

et al., 1991b,a; Kreiter and Singer, 1996; Frien and Eckhorn, 2000; Gail et al., 2000;

reviews: Eckhorn, 1999, 2001; Gray, 1999; Singer, 1999; Tallon-Baudry and Bertrand,

1999). Furthermore, temporal correlations at other frequencies have also been a focus of

interest in terms of cooperative processing and interaction (e. g. Schanze and Eckhorn,

1997; von Stein and Sarnthein, 2000; Tallon-Baudry et al., 2001; Bruns and Eckhorn,

2004), and may additionally be used by the cortex for feature binding. A further proposal

is hierarchical binding (Treisman, 1996) of assemblies across processing stages, in which the

features of shape-defining boundaries (e. g. orientation, curvature and closure) are bound

to the surface-defining properties that carry them (e. g. luminance, color, texture, motion

and stereoscopic depth).

However, the examined synchronizations in experimental data have not met all theo-

retically developed expectations. On the one hand, it could be demonstrated in agree-

ment with the binding-by-synchronization hypothesis that the γ-activity in monkey V1 is

phase-coupled1 within representations of object surfaces and decoupled across their bound-

aries (Gail et al., 2000). On the other hand, the spatial extent of synchronized γ-activity1

in the visual system is restricted to few millimeters in cortical coordinates and hence to

a restricted angle in visual coordinates, even with large coherent stimuli (e. g. Eckhorn,

1994; Frien and Eckhorn, 2000). According to the previously proposed binding-by-syn-

chronization hypothesis, this should result in locally restricted perceptual feature binding.

But this is in contradiction to the capability of the visual system that local features of

large objects are perceived seemingly without any effort as coherently bound.

Neuronal phenomena of traveling waves

Apart from synchronization phenomena, additionally, the propagation of electrical activity

in form of traveling waves was observed in a variety of neural structures, frequency ranges

1obtained by spectral coherence analysis; for definition see Section 2.2.2.
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and animal species: in ferret and fetal cat retina (Meister et al., 1991), in cat visual cortex

(Bringuier et al., 1999), in dog cortex (8–10 Hz: Lopes da Silva and Storm van Leeuwen,

1978), rabbit olfactory (8–10 Hz: Freeman and Baird, 1987) and visual cortex (20–80 Hz:

Freeman and Barrie, 2000), human thalamus and cortex (Ribary et al., 1991), molluscan

olfactory system (Delaney et al., 1994; Gelperin, 1999), turtle visual (Prechtl et al., 2000)

and olfactory cortex (Lam et al., 2000), in rat motor cortex (Georgeopoulos et al., 1988)

and neocortex (in vitro: Wadman and Gutnick, 1993; Golomb and Amitai, 1997) and in

guinea-pig hippocampus (in vitro: Traub et al., 1993; reviews: Bullock, 1997; Ermentrout

and Kleinfeld, 2001). Although wave phenomena have been well known for a long time,

experimental observations of traveling waves are mostly described qualitatively. Suitable

analysis methods were probably not known and therefore, quantitative examinations and

statistics of traveling waves in conjunction with perceptual binding were not successfully

carried out. The lack of appropriate analysis methods is remarkable, given the fact that the

theoretical view of traveling waves also includes the phenomenon of synchrony, commonly

called standing wave. Traveling waves are per se highly correlated over time and space.

When a traveling wave’s velocity is constant within a short period of time, the signal’s

phase gradient is constant across space, indicating a phase continuity of the signal across

space. In addition, the spatial extent of the observed waves is typically wider than the

range of the direct neuronal interactions (i. e. the combined axonal and dendritic arboriza-

tion length for monosynaptic connections between neurons; Ermentrout and Kleinfeld,

2001). If the phase continuity of traveling waves exceeds the restricted coupling range

of γ-synchronization then traveling waves are a potential mechanism for dynamic cou-

pling of cortical signals. Therefore, investigations under this more general view, including

synchrony, may disclose new insights into the processing of perceptual binding.

1.3 Overview of purpose and goals

The purpose of this doctoral thesis is to develop an analysis method which is capable of

detecting and quantifying traveling waves. Its capability will be tested on artificial data

sets and on multiple-channel recordings from primary visual cortex (V1) of awake monkeys.

Its results obtained from artificial and real data will be compared with results obtained

by classical analysis methods, which are commonly used for synchronization measures.

Former and new experiments of our group, focused on synchrony in V1 of awake monkeys,

will be reexamined under the aspect of traveling waves.
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The goal is to validate that traveling waves are a more general mechanism of feature

binding and object coding. For this, it is necessary to clarify whether the neural signals of

previously studied γ-activities in monkey V1 also contain traveling γ-waves. If so, then it

is of interest whether different local feature representations belonging to one visual object

are represented by traveling waves and additionally, whether their coupling range carried

by traveling waves exceeds the restricted coupling range of γ-synchronization. Both facts

would indicate that traveling waves, in contrast to synchrony, could support the coding of

large objects. In support of this interpretation and together with the previous findings of

synchrony, traveling waves of neural representations belonging to different visual objects

should be cut off at their boundaries to their backgrounds as well as to one another.

This means that the phase continuity of traveling waves exists either inside or outside

of the neural representation of an object, but cannot cross its boundaries. The evidence

of these predictions would strongly suggest that phase continuity of traveling γ-waves

supports the coding of object continuity as an extension to the previously mentioned

binding-by-synchronization hypothesis.

1.4 Guide for the reader

The thesis was written for readers with an elementary background in neuroscience. The

different chapters are self-contained: each contains a separate introduction and discussion

of the respective topic. The investigations presented in the different chapters will be sum-

marized briefly in the following. A more comprehensive abstract is given at the beginning

of each chapter.

Readers interested in the theoretical development of a multi-channel correlation method

for traveling wave detection might first read Chapter 2. It presents the capabilities and

advantages of the new analysis method in comparison with classical correlation methods.

Moreover, it demonstrates clearly that γ-synchronization is a local phenomenon of more

global traveling waves in the γ-frequency range.

Chapter 3 deals with the role of traveling waves in visual surface coding (object continu-

ity): which are the characteristics of the traveling waves (e. g. velocity, spatial extent) in

neural structures? How does the occurrence of traveling waves depend on elementary local

stimulus properties, like orientation (oriented grating stimulus)? How does the occurrence

of traveling waves change if a figural object is presented in a visual scene (figure-ground

stimulus)? All experiments considered here reveal stimulus-dependent γ-wave phenomena

in the retinotopically organized primary visual cortex of awake rhesus monkeys.
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Supplementary material to this work includes movies showing artificial and experimen-

tal data of traveling γ-waves, which are analyzed with the newly developed correlation

method. These movies give a better picture of traveling wave dynamics than could be

provided in the printout of this work, where only snapshots at certain times are given.





Chapter 2

Spatio-Temporal Correlation Method

A Multi-Channel Correlation Method Detects Travel-

ing γ-Waves in Monkey Visual Cortex

Correlations among simultaneously recorded signals are mostly analyzed pairwise and in-

clude temporal averaging. However, pairwise methods are not suitable for characterizing

relationships among multiple channels for signals which vary temporally in an unpre-

dictable way. Here we develop a time-resolved spatio-temporal correlation (STC) measure

among simultaneously recorded signals. We demonstrate the capabilities of the method

with artificial data sets and with multiple-channel recordings from striate cortex of awake

monkeys. We concentrate on correlations in the γ-frequency range (γ: 30–90 Hz) be-

cause they were prominent in the analyzed recordings and gained high interest in the

recent years due to their assumed role in associative processing, including perceptual bind-

ing. Former analyses of γ-activities in visual cortex, using pairwise correlation methods,

mostly revealed zero-delay correlation, indicating synchrony. In cat and monkey visual

cortex this γ-synchrony is restricted to 1.5–3.0 mm (half-height decline). However, our

STC-method demonstrates for striate cortex from awake monkeys that γ-synchrony is a

local phenomenon of more global traveling plane waves that appear stimulus-induced at

randomly varying orientations. These γ-waves are coupled over much larger cortical dis-

tances (≈ 7 mm half-height decline) than the γ-synchrony ranges obtained by pairwise

correlation analyses from the same data. Our STC-method therefore suggests that the

previously reported results of short-range and zero-delay correlations were often due to

temporal averaging of traveling γ-waves.

The content of this chapter has been published in Gabriel and Eckhorn (2003). Prelimi-

nary versions had been published as conference proceedings: Eckhorn and Gabriel (1999),

Gabriel and Eckhorn (1999).
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2.1 Introduction

2.1.1 High frequency oscillations and their synchrony

In recent years neuronal oscillations and their synchronization have gained increasing

interest from the neuroscience community. Transient signal coupling was assumed to

support flexible associative processing at time scales of 10–30 ms (corresponding to the

γ-band: 30–90 Hz). In particular, it was proposed that synchronous activation in sensory

systems is used as a marker of neural assemblies for signifying the transient binding among

their members (Milner, 1974; Reitboeck, 1983; von der Malsburg and Schneider, 1986).

This synchronization hypothesis attracted particular attention when synchronized γ-band

activities were discovered in the visual cortex of anesthetized cats (Eckhorn et al., 1988;

Gray et al., 1989) and awake monkeys (Kreiter and Singer, 1992; Eckhorn et al., 1993a).

Since then many experiments on γ-band synchronization have been performed, many were

supportive for the synchronization hypothesis, some were challenging (reviews: e. g. Gray,

1999; Eckhorn, 1999).

In search for potential binding mechanisms covering larger ranges and in order to un-

derstand the underlying neural basis of the restricted synchrony we analyzed parallel

recordings with multiple µ-electrodes, obtained from the striate cortex of awake monkeys

in our group. These recordings showed directly us some reasons for the restriction of

γ-synchrony: the locally synchronized γ-oscillations are part of more globally rhythmi-

cally appearing traveling plane waves that change their directions quickly (within tens of

milliseconds; Fig. 2.1). Thus, pairwise correlations at larger cortical distances are averaged

out temporally because destructive superpositions of the oscillations (due to fast phase

variations) cancel out each other. However, despite on average zero correlation obtained

by pairwise analyses (due to temporal averaging of fast phase variations) there may exist

continuous phase correlations within an oscillation period interpretable as a single wave

front over long distances not captured by pairwise analyses (Fig. 2.1). In our present paper

we therefore develop a multiple channel correlation method that can detect such traveling

plane waves accurately.

2.1.2 γ-synchrony is locally restricted

A common observation of γ-correlations is the appearance of correlation maxima around

zero-delay in various cortical areas of cats and monkeys (e. g. visual: Eckhorn et al., 1993a;

auditory: Brosch et al., 2002; motor: Sanes and Donoghue, 1993), indicating (partial)
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Figure 2.1: Time course of 15-channel recording from striate cortex of an awake monkey.
Local field potentials (LFPs) recorded simultaneously from layers 2/3. The data are band-
passed at 30–70 Hz. At 100 ms a sustained visual stimulus was switched on, covering the
receptive field positions of all recording locations. Note the fast changes in the internal
phase relations of the traveling waves (frequency around 55 Hz; color coded amplitudes).
They can change from phase-lead over synchrony (exactly perpendicular) to phase-lag and
vice versa within 50 to 200 ms.

synchrony of the γ-components that contribute to the correlation peak. Its event-related

occurrence was interpreted as supportive for the synchronization hypothesis. For the

visual domain it states that those neurons representing local features of the same visual

object become transiently synchronized in order to code for the coherent perception of that

object. However, when the cortical extent of synchrony was analyzed in cat and monkey

striate cortex more systematically, γ-synchrony was found to be restricted to 1.5–3.0 mm

(half-height decline; cat: Brosch et al., 1995; Steriade et al., 1996; monkey: Juergens

et al., 1999; Frien and Eckhorn, 2000). This range is often much smaller than the cortical

representation of a visual object. Hence, the validity of the synchronization hypothesis

seems to be restricted to objects appearing under small visual angles.

2.1.3 Multiple-channel correlation methods

Wave phenomena can be analyzed correctly by the use of multiple-channel recordings

that sample cortical space and time according to the sampling theorem (e. g. Glaser and

Ruchkin, 1976; Freeman and Baird, 1987). As such extended waves are present across

several recording channels, they can be detected at higher sensitivity including better

signal-to-noise ratio (SNR) compared to pairwise correlations. This higher sensitivity may

enable single-response analyses across multiple channels that would not become significant

at channel pairs.
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For measuring phase synchrony some multiple-channel methods determine cumulative

(Gerstein et al., 1985; Gerstein and Aertsen, 1985; Baker and Gerstein, 2000) or run-

ning covariations (Eckhorn et al., 1986). Others estimate the multivariate coherence by

means of adaptive autoregressive models in which a phase relation is computed for a

group of recording channels with respect to a single reference channel (e. g. Moeller et al.,

2000). Furthermore, the phase cone method of Freeman and Barrie (2000) can detect

spatio-temporal covariance of cone-shaped phase distributions from two-dimensional to-

pographically arranged recording arrays. However, most multiple-channel methods reveal

acceptable results only if the inter-channel phase relations remain constant across record-

ing time or at least within short event-related time-slices. Though, the latter requirement

is fulfilled only for signal components phase-locked to stimulus transients. We show in

our present work that this is not fulfilled for stimulus-induced correlations introduced by

neural network interactions, including stimulus-induced γ-synchronizations (e. g. Eckhorn

et al., 1990; Frien and Eckhorn, 2000).

2.1.4 Traveling waves in two-dimensional neural structures

Reports on multiple-site recordings in cortical and other two-dimensional, topographically

arranged structures, have given hints that rhythmic correlations are often due to standing

or traveling waves. In fact, from the existence of lateral spike conduction delays one

would expect traveling wave fronts with phase velocities matching the conduction delays

(e. g. Prechtl et al., 2000). While most previous recordings of γ-synchronization reported

zero-delay correlations among distant sites of the same cortical area (e. g. Eckhorn et al.,

1988; Gray et al., 1989) and even among different cortical areas (Frien et al., 1994), other

publications reported traveling waves in a variety of neural structures, frequency ranges

and animal species: in ferret and fetal cat retina (Meister et al., 1991), in dog cortex (8–

10 Hz: Lopes da Silva and Storm van Leeuwen, 1978), rabbit olfactory (8–10 Hz: Freeman

and Baird, 1987) and visual cortex (20–80 Hz: Freeman and Barrie, 2000), human thalamus

and cortex (Ribary et al., 1991), molluscan olfactory system (Delaney et al., 1994; Gelperin,

1999), turtle visual (Prechtl et al., 2000) and olfactory cortex (Lam et al., 2000), in rat

motor cortex (Georgeopoulos et al., 1988) and neocortex (in vitro: Wadman and Gutnick,

1993; Golomb and Amitai, 1997), in guinea-pig hippocampus (in vitro: Traub et al., 1993)

and in cat visual cortex (Bringuier et al., 1999, reviews: Bullock, 1997; Ermentrout and

Kleinfeld, 2001). However, experimental observations of wave phenomena were mostly

described qualitatively, a quantitative examination of traveling waves was not carried out,

probably because suitable methods were not available.
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2.1.5 Our present approach

We developed a spatio-temporal correlation method for single-response recordings (i. e.

without temporal and trial averaging of fast phase variations) capable of quantifying the

properties of extensive traveling waves with randomly varying directions of their wave

fronts. In order to test the performance of our method, we used artificial data and varied

their parameters systematically. In addition, we demonstrate that our method detects

traveling waves at γ-frequencies in the striate cortex of awake monkeys. The results from

our method obtained with artificial and real data are also compared with results obtained

by common pairwise cross-correlation and coherence methods (Preliminary results have

been reported in congress abstracts: Eckhorn and Gabriel, 1999; Gabriel and Eckhorn,

1999).
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2.2 Methods

2.2.1 Spatio-temporal correlation

Continuous signals

For simplicity, we explain our method for a linear, one-dimensional arrangement of record-

ing sites and for the characterization of plane traveling waves. From this point of view

the method analyzes the projection of plane traveling waves along this recording arrange-

ment. The signal is defined in recording position x and time t as f(x , t). For plane waves

of velocity c, the signals amplitude at position x depends on t (and vice versa):

f(x,t) = f(t− x

c
) (2.1)

If c approaches infinity, f reflects the synchronous (zero-delay) state along the one-di-

mensional recording arrangement. Furthermore, any traveling plane wave (independent

of its special form) reflects a systematic pattern in the spatio-temporal distribution of its

amplitude. The nearby or neighboring spatio-temporal areas of its amplitude are highly

autocorrelated along its propagation direction. We will utilize this characteristic and show

that the general solution of the spatio-temporal autocorrelation for traveling plane waves

is a good estimator function for the wave detection. The spatio-temporal autocorrela-

tion of Eq. 2.1 is defined by a two-dimensional convolution (the asterisk ∗(x,t) denotes the

convolution over space and time)

C(ξ, τ) = f(−ξ,−τ) ∗(x ,t) f(ξ, τ) = f(−(τ − ξ

c
)) ∗(x ,t) f(τ − ξ

c
). (2.2)

Combining the convolution theorem with the delta function δ leads to

f(x , t) = f(t− x

c
) = [−δ(x)f(t)] ∗(x ,t) δ(t− x

c
). (2.3)

Substituting Eq. 2.2 with Eq. 2.3 and solving the convolution integrals (see Appendix at

page 79 for details), the expression C(ξ, τ) becomes

C(ξ, τ) = [f(−τ) ∗(t) f(τ) ∗(t) δ(τ − ξ

c
)]

∫
dx

= [ACCf (τ) ∗(t) δ(τ − ξ

c
)]

∫
dx

= ACCf (τ −
ξ

c
)

∫
dx ,

(2.4)



2.2. METHODS 21

where ACCf (τ−ξ/c) is the one-dimensional autocorrelation of f , shifted at velocity c over

space by δ(τ − ξ/c) (the asterisk ∗(t) denotes the one-dimensional convolution over time).

The velocity c is then represented by the gradient of the maxima at {τ, ξ| τ − ξ/c = 0} in

Eq. 2.4.

In general the velocities of traveling neural activity waves vary in time. Hence, c is a

function of time c = c(t), which implies

f(x, t) = f(t− x

c(t)
). (2.5)

This restricts the validity of Eq. 2.4 to short windows in which c is approximately constant.

Therefore, f(x, t) is divided into short consecutive overlapping epochs. For example,

signals containing a dominant rhythmic (oscillatory) component require at least a window

duration of one period of the dominant component T = ν−1 (ν: temporal frequency of the

component). Therefore, our example data was analyzed with a window duration of 20 ms

(mean wave length of typical γ-oscillation) and an overlap of 10 ms.

To give a concrete example, we assume that the signal is a traveling wave of oscillatory

activity. The simplest pattern is that of a plane wave:

f(x, t) = sin(2πν(t− x

c
)), (2.6)

where ν is the frequency of the signal and c the speed of the wave. Inserting Eq. 2.6 into

Eq. 2.4 gives

Cxw,tw(ξ, τ) =

xw+X
2∫

xw−X
2

tw+ 1
2ν∫

tw− 1
2ν

f(−x,−t) · f(ξ − x ,τ − t)dtdx

=
X

2ν
cos(2πν(τ − ξ

c
)),

(2.7)

where xw is the spatial center position and X the size of the spatial analysis window, tw

the temporal center position and ν−1 the duration of the sliding temporal window. For

obtaining independence of function C of the increase in X, Eq. 2.7 is normalized by its

energy:

Cxw,tw(ξ,τ)norm =
C(ξ,τ)√∫ ∫

f(x,t)2dtdx
∫ ∫

f(x− ξ,t− τ)2dtdx
. (2.8)

From this follows

Cxw,tw(ξ, τ)norm = cos(2πν(τ − ξ

c
)) (2.9)
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with

Cxw,tw(0, 0)norm = 1 = const.

Equation 2.9 is completely independent of the chosen positions tw and xw and its spatial

analysis range X.

Discrete signals

In real recording situations with µ-electrode arrays (as well as with optical recordings)

the spatial range (and density) of recording positions is limited and discrete. A basic

requirement of discrete computations is that the sampling distances are equidistant in

space and time and that the sampling theorem is fulfilled (Glaser and Ruchkin, 1976; see

Discussion). The discrete form of f is represented by

f(xi,tj) with i ∈ {1, 2, .., n}, j ∈ {1, 2, ..,m},

where xi are n equidistant sites with xi+1−xi = ∆x, and ∆x is the distance of neighboring

recording sites. The sampling points in time obey the relation tj+1 − tj = ∆t, where ∆t is

the temporal sampling interval. The corresponding form of Eq. 2.8 for discrete signals is

then

Cxw,tw(ξ,τ)norm =

∑
i

∑
j f(xi, tj) · f(xi+ξ/∆x, tj+τ/∆t)√[∑

i

∑
j f(xi,tj)2

] [∑
i

∑
j f(xi+ξ/∆x, tj+τ/∆t)2

] (2.10)

with

i ∈ {N0|
xw −X/2

∆x
≤ i ≤ xw + X/2

∆x
},

j ∈ {N0|
(tw − (2ν)−1)

∆t
≤ j ≤ tw + (2ν)−1

∆t
}.

To achieve a comparable quantization of the amplitudes in the different recording channels

and sliding windows, we normalized each channel by subtraction of its average amplitude

and division by its standard deviation (SD) in the time domain

f(xi, tk)norm =
f(xi, tk)− f̄(xi)√∑
j[f(xi, tj)− f̄(xi)]2

(2.11)

with

j ∈ {N0| k − (2ν∆t)−1 ≤ j ≤ k + (2ν∆t)−1},
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where f̄(xi) denotes the mean within the time interval. Summarizing the square of fnorm

within the time interval yields ∑
j

f(xi, tj)
2
norm = 1 (2.12)

with

j ∈ {N0| k − (2ν∆t)−1 ≤ j ≤ k + (2ν∆t)−1}.

For spatial shifts zero-padding is required because the spatial extent of recording positions

is limited. However, zero-padding implicates a systematical decay which must be compen-

sated by a scale factor. Considering the limited spatial extent of the sampled area and

inserting fnorm into Eq. 2.10 yields

STCxw,tw(ξ, τ) =
1

n− |ξ| /∆x

∑
i

∑
j

f(xi, tj)normf(xi+|ξ|/∆x, tj+τ/∆t)norm (2.13)

with

i ∈ {N0| |ξ| /∆x ≤ i ≤ n− |ξ| /∆x},

j ∈ {N0|
tw − (2ν)−1

∆t
≤ j ≤ tw + (2ν)−1

∆t
},

which we call the spatio-temporal correlation (STC). Finally we fit the results of the STC

(Eq. 2.13) with Eq. 2.9, expanded by an amplitude factor A

CA(ξ,τ) = A · cos(2πν(τ − ξ

c
))

∣∣∣∣ ξ 6=0
τ 6=0

, (2.14)

characterizing the STC of an ideal traveling plane wave, and hence, obtaining a description

of the spatio-temporal phase relation. Here the amplitude factor A is the correlation

strength of the STC over the entire spatial analysis window at frequency ν. A can be in

the range from 0 (spatio-temporal independence) to 1 (ideal spatio-temporal correlation),

ν can be in the range of the recorded frequency band. Additionally, we excluded the case

of the auto-correlation (ξ = 0; τ = 0), because the STC remains always independent of the

signal form at this position.

For fitting the STC (Eq. 2.13) with the three parameters of Eq. 2.14 we used the Lev-

enberg-Marquardt algorithm (in: More, 1995) which minimizes the χ2 value. The Leven-

berg-Marquardt algorithm is sufficiently convergent and independent of the exact choice of

starting values for one-dimensional correlation functions (8 parameters to fit) as reported



24 CHAPTER 2. SPATIO-TEMPORAL CORRELATION METHOD

in König (1994). The quality of the fit was judged with the help of the correlation coeffi-

cient between the STC and the fit. It is expected to be in the order of 1 for an optimal fit.

Fits with a correlation coefficient lower than 0.95 were rejected and the corresponding fit

parameters A (STC’s strength) were set to zero. The source code of an implementation of

the STC in IDL can be obtained from the authors.

In conclusion, the STC is expressed as the average of the product of every f(xi, tj) with

f(xi−|ξ|/∆x, tk−τ/∆t), combined for all product pairs with the same spatial recording dis-

tance ξ and delay τ . STC(ξ, τ) varies between −1 and +1 as a function of spatial shift ξ

and delay τ . The auto-correlation is obtained by setting ξ = 0 and τ = 0. STC(ξ, τ) mea-

sures the correlation of the spatio-temporal portrait of the recorded signals. If all values

of f(xi,tj) are statistically independent in time and space, the STC measure will be close

to zero. If the multiple recordings show synchronous activity or a traveling planar wave

with constant velocity, the maxima of STC(ξ, τ) are close to 1 and straightly arranged (see

Results).

2.2.2 Pairwise cross-correlation and coherence

Cross-correlation

For comparison with our STC-approach we use the common correlation and coherence

methods for pairs of time series. The correlation function is principally used to quantify

the time-dependent correlation between pairs of recording sites:

Cij (τ) =

∑
k(f(xi, tk)− f̄(xi))(f(xj, tk+τ/∆t)− f̄(xj))√∑

k(f(xi, tk)− f̄(xi))2
∑

k(f(xj, tk+τ/∆t)− f̄(xj))2

, (2.15)

where f̄(xi) and f̄(xj) denotes the mean within the time interval. This measure is nor-

malized to the range [−1, 1]. A trial average reveals the constancy of time lag and the

mean degree of amplitude covariation between two signals over trials.

Coherence

The coherence is calculated by using the traditional Bartlett method:

κ̂2
ij (ν) =

∣∣∣∑N
l Fl(xi, ν)F *

l (xj, ν)
∣∣∣ 2

∑N
l |Fl(xi, ν)|2

∑N
l |Fl(xj, ν)|2

, (2.16)
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where Fl(xi, ν) is the complex spectrum of fl(xi, t) at position xi for signal epoch l ∈
{1, 2, .., N} (the asterisk denotes the complex conjugate, N the number of trial epochs;

e. g. Glaser and Ruchkin, 1976). The coherence is normalized to the range [0, 1] and

measures frequency dependent the degree of co-varying amplitudes and a consistent phase

lag between two signals over trials. The systematic over-estimation of coherence due to

the limited number of contributing trials is corrected (Benignus, 1969) by:

κ2 = κ̂2 − 1

N
(1− κ̂2). (2.17)

The coherence κ2 was root squared to achieve a comparable quantization of cross-correla-

tion, coherence and STC.

Analyzing window

We analyzed the signals with both classical methods (correlation and coherence) in over-

lapping epochs of fixed duration (window length: 128 ms; shift: 64 ms; note: in order to

preserve comparability, all methods were applied approximately to the same number of

data points). The correlation function was calculated in the time domain using original

epochs extracted by a box-car window. The coherence was calculated after multiplication

of the signals by a Hamming window. Averages were calculated after Fisher-Z-transfor-

mation.

2.2.3 Artificial data and cortical recordings

Artificial data

We used artificial data with quantitatively defined parameters to test the efficiency and

precision of our multiple-channel method. In addition, the artificial data were also used for

comparing the results of our method with those of cross-correlation and spectral coherence.

For the generation of the data we composed the signal epochs by low-passed Gaussian

white noise (cutoff frequency: 165 Hz), superimposed on cosinus-shaped waves (ν = 50 Hz)

traveling over space:

fl(xi, tj) = b ·n(tj) +
K∑

k=0

[
cos

(
2πν

ck(tj − tk)− xi

ck

)
· rect

(
2πν

ck(tj − tk)− xi

ck

)] (2.18)
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with

rect(t) =

{
1 : |t| ≤ 1/2

0 : |t| > 1/2

The temporal positions tk were chosen from a uniform distribution with the condition

|(tk+1 − tk)| = 20 ms generating a quasi-rhythmic signal amplitude at 50 Hz of plane trav-

eling waves. Additionally, each reciprocal velocity c−1
k at temporal position tk was chosen

from a Gaussian distribution with a mean of 0 s/m and a standard deviation SDc between

0 and 3 s/m. A low SDc results in signals mainly composed of plane waves of similar

velocities; thus synchrony tends to occur over large spatial distances and during many

temporal epochs. On the other hand, a high SDc means a broader variation of wave ve-

locities; hence synchrony is restricted to closely neighbored spatial sampling points. We

adjusted the amplitude b of the low-passed Gaussian noise, so that the signal to noise

ratio [SNR = 10 log(signal2/noise2)] varied systematically from −6 to 32 dB. We gener-

ated N = 30 epochs of artificial data for each combination of SDc and SNR with an epoch

duration of 500 ms (m = 500 samples at 1 ms intervals) and a maximal recording range of

9 mm (n = 10 samples at 1 mm spacing). These ranges were chosen for easy comparison

with the cortical recordings used as examples in the present work.

Signals from striate cortex

We applied our STC-method to recordings from the striate cortex of awake monkeys. The

experimental design of preparation, recording and visual stimulation was carried out as

reported in Frien and Eckhorn (2000). In short, monkeys performed a fixation task while

local field potentials (LFP: 1–140 Hz; cutoff: 18 dB/oct) were recorded simultaneously on

15 channels of a µ-electrode array (linear arrangement, 500 µm electrode spacing) from

the striate cortex (area V1, layers 2/3) at parafoveal representations. Visual stimuli were

static sinusoidal luminance gratings, applied successively at different orientations. The

sampling rate for all signals was 500 Hz.

2.2.4 Statistical testing with surrogate data

From the artificial and cortex signals we generated surrogate data for deriving null hy-

potheses for the methods compared here by means of a bootstrap method. In detail, for

surrogate data we took a sequence of N uniformly distributed, pairwise distinct indices
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li ∈ {1, 2, .., N} of N trial epochs for each position xi of the original signal fl(xi, tj). For

the surrogate data epoch l at position xi then follows:

sl(xi, tj) = fli(xi, tj). (2.19)

Statistical significance tests were performed using a Mann-Whitney U-Test on differences

between correlation strengths of data and surrogates for each method. Especially for

artificial data we generated 10 data sets each with 30 trials for each combination of SDc

and SNR. For comparison of these multiple independent statistical tests we corrected the

significance levels by the Bonferroni correction method. The Bonferroni correction sets

the significance level (alpha value) for the entire set of n comparisons equal to α by taking

the alpha value for each comparison equal to α/n.

2.3 Results

2.3.1 Artificial test data

STC examples

Figure 2.2A shows a 300 ms epoch of artificial data with distorted plane waves, appearing

at a variety of relative phase relations according to Eq. 2.18. A corresponding epoch of

surrogate data is shown in Figure 2.2C. The STCs for the traveling wave and surrogate

signals are shown as examples (Fig. 2.2B, D), computed from single epochs in 2.2A and

2.2C, respectively. In the example of the traveling wave signals (Fig. 2.2A) the maxima

in the STC maps are linearly arranged (Fig. 2.2B), they represent the spatio-temporal

correlation strength A (Eq. 2.14), while the spatial gradients correspond to the waves’

propagation velocities c. In the examples of STCs (calculated around 140, 160, 270

and 360 ms in Fig. 2.2B) oblique linear arrangements of maxima are present, reflecting

spatio-temporal portraits of traveling waves. At t = 160 ms the maxima are vertically

aligned which means they occur in synchrony at a phase speed approaching infinity. In con-

trast, the surrogate data with its statistically independent signal components (Fig. 2.2C)

lacks strong spatio-temporal correlations over any distances (Fig. 2.2D). Its STC-values

fluctuate around zero with a SD of 0.3 (except at τ = 0 ms and ξ = 0 mm, reflecting the

common center maximum positions of auto-correlations). A nonlinear regression fit using

Eq. 2.14 reveals strength A and reciprocal velocities c−1 for the STC (s. tables in Fig. 2.2).
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Figure 2.2: Examples of artificial data and plots of spatio-temporal correlations. A: Single
time course of artificially generated traveling waves appearing at different internal phase
relations (cf. Movie 4.1). At time 160 ms, example of initial (ξ = 0 and τ = 0) analyzing
window of 20 ms duration (white dotted lines). B: STCs computed from the traveling wave
data in A. C: Time course of corresponding surrogate signal. D: STCs computed from the
surrogate data in C. Parameters of artificial signals: SNR = 7.5 dB; SDc = 1 s/m. Examples
of STCs were arbitrarily chosen around time positions 140, 160, 270 and 360 ms. Tables
below B and D show the corresponding correlation strength A and reciprocal velocity c−1

of STC at these time positions.
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STC compared with pairwise cross-correlation and coherence

For comparison with our STC-method we calculated the mean pairwise cross-correlation

for two illustrative parameter sets of SDc with a constant SNR of 7.5 dB. We calculated

the differences of the mean cross-correlations of original and surrogate data (10 data sets

each with 30 epochs), for which signals from recording pairs at equal spatial distance were

temporally averaged (Fig. 2.3). Correlation strength, normalized by difference to that of

the surrogate data, are plotted in gray scale for data with synchronous phases (Fig. 2.3A;

SDc = 0 s/m) and with phase differences (Fig. 2.3B; SDc = 1 s/m). The cross-correla-

tion strength peaks at τ = 0 ms and is constant at all distances in the synchronous state

(Fig. 2.3A). With data having variable phase differences the amplitude of the peak at

τ = 0 ms continuously goes down with distance (Fig. 2.3B). Even in the latter case the

center correlation peak is narrow (half width: 2.5 ms). Its position at zero-delay corre-

sponds to the mean value of the symmetric phase variations of the artificial data. Please

note that the half width of the maximum remains constant while its amplitude decreases

with distance. This is explained by the fact that in nearby positions the γ-components

constructively add contributing to the cross-correlation because they are nearly synchro-

nized. However, with distance the signal components are increasingly more independent

(by increasing phase variation) so that their superposition in the averaging process of the

cross-correlation approaches zero.

We computed also the spatial profiles of pairwise cross-correlation, coherence and STC

from the same data sets as used for Figure 2.3A and 2.3B. Figure 2.4A and 2.4B show the

distance dependence of mean cross-correlation- (τ = 0 ms), coherence- (calculated over the

frequency band 30 to 70 Hz) and STC-strength for pairs with equal spatial distance, nor-

malized by the difference to that of the surrogate data. In the synchronous state all meth-

ods reveal approximately constant high correlation levels with high significance (p < 0.001;

Fig. 2.4C, upper panel) for all distances (cross-correlation: 0.75, coherence: 0.85, STC:

0.80; Fig. 2.4A). While for traveling waves cross-correlation and coherence vanish rapidly

with increasing distance (Fig. 2.4B), the STC-strength decreases much slower, indicat-

ing the capability of the STC-method to capture phase continuity (generated by plane

traveling waves) independent of its phase relations and temporal variations. Differences

between cross-correlation, coherence and STC therefore become increasingly prominent

with increasing recording distance (Fig. 2.4B). Moreover, cross-correlation and coherence

significance tests fail (p < 0.05; Fig. 2.4C, upper panel) for distances larger than 5 mm

while STC-strength difference is highly significant for all distances (p < 0.001; Fig. 2.4C,

lower panel).
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Figure 2.3: Pairwise cross-correlation using artificial data. A: Spatial profile of cross-
correlation for synchronous waves (SDc = 0.0 s/m; SNR = 7.5 dB), and B: for waves at
random orientations (SDc = 1.0 s/m; SNR = 7.5 dB). All correlation strengths are plotted
as difference between strength of artificial-waves and surrogate data.

We also compared the coherence and STC of original and surrogate data systematically

as a function of SNR and SDc for the largest investigated distance (9 mm). As expected,

coherence (Fig. 2.5A) and STC (Fig. 2.5C) both vanish with decreasing SNR (due to an

increasing noise amplitude). However, while the coherence fades to zero with increasing

SDc (indicative of increasing phase variations in the traveling plane waves; Fig. 2.5A) the

STC is relatively insensitive to variations of SDc (Fig. 2.5C). In addition, significance test

of coherence strength difference fails (p < 0.05; Fig. 2.5B) for variations of SDc greater

than 0.5 s/m while STC-strength difference is highly significant (p < 0.001; Fig. 2.5D) over

wide variations of SDc and SNR.
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Figure 2.4: Comparison of multi-channel spatio-temporal correlation (STC) measure with
pairwise coherence and cross-correlation using artificial data. Spatial profiles of mean
cross-correlation (CC; dotted light gray lines), coherence (dotted gray lines) and STC
(dotted black lines), A: for synchronous waves (SDc = 0.0 s/m; SNR = 7.5 dB), and B: for
randomly oriented waves (SDc = 1.0 s/m; SNR = 7.5 dB). All correlation strengths are
plotted as difference between strength of artificial-waves and surrogate data. Note that
calculations of STCs on the basis of less than 3 recording positions (here < 2 mm) do not
make sense because for two recording positions the STC is formally similar to the pairwise
cross-correlation. C: The matrices show the Bonferroni corrected levels of significance
(stars) for Mann-Whitney U-Tests (10 tests each with 30 statistical independent trials) on
differences between correlation strength (A, B) of artificial-waves and surrogate data. Note
that both coherence and cross-correlation significance tests fail (p < 0.05) for randomly
oriented waves (SDc = 1.0 s/m) for distances larger than 5 mm while STC significance tests
remain highly significant for all distances (p < 0.001).



32 CHAPTER 2. SPATIO-TEMPORAL CORRELATION METHOD

0
.1

0

0
.2

0

0.30

0.40
0.50

0.600.70
0.80

0.10

0.20
0.300.400.500.600.700.80

0.0

0.5

1.0

1.5

2.0

2.5

3.0

S
D

[s
/m

]
c

-1

SNR [dB]

Coherence ( )k

Spatio-Temporal Correlation

0.0 0.9

strength difference between
data and surrogate

A

C

0.0

0.5

1.0

1.5

2.0

2.5

3.0

S
D

[s
/m

]
c

-1

32 9 3 0 -2 -4 -6

SNR [dB]

32 9 3 0 -2 -4 -6

p<0.001 p<0.01 p<0.05

significance level

B

D

Coherence ( )k

Spatio-Temporal Correlation

Figure 2.5: Coherence and STC-strength as function of the signal-to-noise ratio (SNR)
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for the largest investigated distance (9 mm). B, D: The matrices show the Bonferroni
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of data and surrogate. STC shows prominent stability (highly significant: p < 0.001)
against an increasing SNR and SDc, whereas coherence vanishes with an increasing SNR
and SDc.
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2.3.2 Data from monkey striate cortex

We also tested our STC-method with real data recorded from striate cortex during vi-

sual stimulation of awake monkeys (example shown in Fig. 2.1) and compared it with

the pairwise coherence of the same recordings. Figure 2.6A shows the distance depen-

dence of coherence- and mean STC-strengths in the γ-range. Coherence and STC show

a qualitatively similar dependency on cortical recording distance as with artificial data

(see Fig. 2.4B): the effective coupling ranges of cortical coherence are at least 3 times

smaller than those of the STC (estimated at half-height decline; Fig. 2.6A). STC-strength

differences are highly significant (p < 0.001) for all distances while coherence significance

tests fail (p < 0.05) for distances larger than 5.5 mm. Figure 2.6B shows the amount of

the average random variation of the wave fronts. It is quantified as mean SD of the rel-

ative phases among the recording positions, computed via the reciprocal velocities of the

wave fronts derived by the STC-method. Note that the relative phases are symmetrically

distributed around zero delay (not shown) and that the mean SD of phase-delays increases

with cortical distance.
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Figure 2.6: A: Comparison between pairwise coherence (average over 30–70Hz) and mean
STC-strength as a function of cortical recording distance computed from 185 local field
potential (LFP) trials, each of 1.5 s duration, in response to identical visual stimulus repe-
titions. LFPs were simultaneously recorded by 15 µ-electrodes (pitch: 500 µm) in V1 of an
awake monkey. Upper panel: Mean STC- and coherence strength difference between LFP
data and surrogate LFP. Lower panel: Levels of significance for Mann-Whitney U-Tests
on STC and coherence strength difference between LFP data and surrogate LFP. Note
that the STC-strength differences are highly significant (p < 0.001) for all distances while
coherence significance tests fail (p < 0.05) for distances larger than 5.5 mm. Moreover,
the decline of strength difference with distance is steeper for coherence compared to STC.
B: Mean standard deviations (SDs) of relative phase delays as a function of cortical record-
ing distance computed from the STC’s reciprocal velocities (same LFP data as in A). Note
that the relative phases are symmetrically distributed around zero (not shown). Their SD
increases on average approximately proportional to the square root of distance.
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2.4 Discussion

2.4.1 Main results

The STC-method is much more sensitive for synchronous or traveling wave signals com-

pared to the commonly used pairwise correlation analyses because it uses the signals from

all recording sites simultaneously. The increase in sensitivity is due to the partial correla-

tions among the channels, which are always present with traveling waves. We have shown

examples of the γ-frequency range in which our STC-method can detect single traveling

waves from artificial and neuroelectric data; a task that cannot be solved by pairwise

cross-correlation and spectral coherence. In addition, at medium cortical recording dis-

tances (4–10 mm), in which cross-correlation and coherence attained a very low correlation

strength in γ-activities, the STC-method demonstrates that this was due to averaging over

traveling waves. We demonstrate in particular for the pairwise methods, that the fast

changes and high variability of the waves’ travel directions lead to a destructive super-

position in the temporal and trial averaging process. We found that the traveling waves

extend over cortical distances that are much larger than the coupling (synchronization)

ranges detected by cross-correlation and coherence. Hence, our STC-method demonstrates

that synchronized γ-oscillations in monkey striate cortex are a local phenomenon of more

global traveling waves.

2.4.2 Pairwise correlation methods

Commonly used correlation analyses are performed with pairs of recording channels. They

generally include averaging over partial correlations of many signal epochs. Examples are

the conventional cross-correlation (e. g. Moore et al., 1970), spectral coherence (e. g. Glaser

and Ruchkin, 1976), phase-locking statistics (e. g. Rodriguez et al., 1999), phase-reference

analysis (Feige et al., 2000) and mean phase coherence (Mormann et al., 2000). The

latter methods are also known as statistical concepts of circular variances (Fisher, 1993).

All methods differ in their type of phase computation, using either Hilbert- or wavelet-

representations and their assessment of amplitude-correlations (review: le van Quyen et al.,

2001). However, the main problem of all pairwise correlations is their inability to detect

correlation dynamics appearing across larger cortical areas as they are present in traveling

wave phenomena (Fig. 2.1). This is due to the restriction to two recording sites on the

one hand, and to temporal averaging on the other hand, which cannot cope with spatio-

temporally variable wave patterns.
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2.4.3 Temporal resolution of the STC-method

The temporal resolution of the STC is in the range of the signals’ dominant oscillation

period, or of the effective width of the traveling waves. Our examples (Fig. 2.2) demon-

strate a resolution of 20 ms at a dominant frequency of 50 Hz. In contrast, frequency based

methods, including coherence (Fourier based: e. g. Glaser and Ruchkin, 1976), phase lock-

ing statistics (wavelet based: Rodriguez et al., 1999) and the phase cone method (Fourier

based: Freeman and Barrie, 2000), need a duration of the analyzing window that is at least

about five times longer. Shorter windows lead to lower SNR and reduced phase precision.

However, the usage of long analysis windows can cause problems of their own. In long

windows the phase of a frequency component may change so that destructive superposition

occurs in the averaging process of the coherence analysis (e. g. Fig. 2.2A at 200–300 ms).

The latter effect is also present with cross-correlation methods in the time domain.

2.4.4 STC is not restricted to phase-locked signals

Our method captures all phase relations that are stable over the short analysis window.

Hence, it detects fixed as well as changing phase relations in repetitive trial recordings,

because the STC is a single trial analysis. Quick changes of internal phase relations in

traveling waves do not deteriorate the analysis of coupling strength among the locations

of a single wave. This is demonstrated in our artificial data where each wave is composed

of a relatively stable spatio-temporal phase coupling while consecutive waves appear at

random orientations (Fig. 2.2). In contrast, cross-correlation and coherence extract only

components with stable relative phases over the entire signal duration, including fixed

phase relations in repetitive trial recordings. The multivariate coherence (Moeller et al.,

2000) requires also constant phase relations between the multiple channels and therefore

cannot capture waves traveling in random directions.

2.4.5 Traveling directions of waves

The STC can detect transient or rhythmic traveling waves and their velocities. This makes

it possible to determine the time resolved direction of the signal flow across the recording

array (Fig. 2.2B). In contrast, pairwise correlation methods do not provide the direction

of signal flow across multiple electrodes. Even multiple channel methods fail to capture

traveling waves when they are restricted to covariances at zero delay (Gerstein et al., 1985;

Gerstein and Aertsen, 1985; Eckhorn et al., 1986; Baker and Gerstein, 2000).
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2.4.6 Spatial and temporal sampling in the visual cortex

We apply the STC to signals recorded from regularly spaced electrode-arrays. A meaningful

analysis of such data requires the fulfillment of the sampling theorem in time and space

(e. g. Glaser and Ruchkin, 1976). As we are interested in global interactions among local

cortical assemblies (not in single neurons) we recorded LFPs. With respect to spatial

sampling we have to estimate the spatial resolution present with LFPs. These signals

resemble averaged extracellular dendritic and somatic membrane potentials from many

neurons within an effective radius of about 500 µm via volume conduction. The effective

radius has been estimated by focal extracellular current injection in cat striate cortex

(5–100 Hz) which revealed 420 µm for a 50% amplitude decline. Hence, our inter-electrode

distance of 500 µm is sufficient for correct spatial sampling of LFPs. A denser sampling

would have improved our results with respect to the detection of waves in visual cortex

due to an increased SNR. In the temporal domain we sampled at 500 Hz, which is sufficient

because the LFPs were band-passed between 1 and 140 Hz (cutoff: 18 dB/oct).

2.4.7 Fitting the STC algorithm to the spatio-temporal structure

of brain signals

The STC is specially tailored to the detection of plane waves. It describes the coupling

strength and phase relation of plane waves between multiple recording sites within a single

computational task. The phase cone method (Freeman and Barrie, 2000), in contrast, is

specially tailored to detect cone-shaped spatial phase distributions by application of an

iterative fitting procedure with cones. Hence, the adequacy of a method depends on

the signals to be detected. In our data plane waves are a common observation, while

systematically bent waves, including radially concentric waves (e. g. Bessel functions) like

phase cones, have not been observed. Plane waves, on the other hand were reported in a

variety of cortical structures in many animal species (review: Prechtl et al., 2000).

2.4.8 Computational load

In comparison with calculations of spectral coherence the numerical effort of our STC-

method increases proportionally to the number of recording channels. For coherence and

cross-correlation all combinations of channel-pairs have to be calculated (for n channels:

n(n − 1)/2 runs). The calculation on a PC-system (AMD-Athlon 800 MHz) of 185 trials

(15 channels, each trial 1500 ms duration, sample period 2 ms) needs for coherence about
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4 min, for the STC about 40 min. However, the temporal resolution of the STC is six-times

higher than that of the coherence within the same frequency band, with the same number

of analyzed data points and a better stability against SNR variations (e. g. Fig. 2.5D).

It characterizes the time resolved correlation strength between n channels in single trials

(not only the pairwise average correlation).

2.4.9 Possible extensions of the STC-method

Irregular grids and undersampling

We simplified the presented version of the STC-method to the projection of traveling

waves along a spatially one-dimensional recording arrangement. Therefore, the minimum

requirement of the STC-method is that the recording positions are aligned in a linear

regular (equidistant) grid. However, sometimes a dataset is given in irregular grids, for

instance, datasets with lacking recording positions due to partially damaged electrodes.

A usual approach in order to circumvent this problem is to transform the irregular grid

into a regular one by introducing new points at a regular spacing using some sort of

interpolation. It is recommended that this grid still complies with the spatial sampling

theorem. A violation of the sampling theorem leads to the detection of artifactual traveling

plane waves generated by the interpolation procedure. If the grid is regular but spatially

undersampled, STC results cannot safely be interpreted anymore as continuous plane waves

(correspondence problem). However, the spatio-temporal correlative is still preserved.

Two-dimensional grids

The STC-method can also be extended to two-dimensional cases (regular rectilinear grid)

by applying the STC-algorithm to each ith row and jth column of the recording sites.

STC(ξi, τ) analyzes the projection of traveling waves along the ith row and STC(ξj, τ)
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along the jth column. After fitting we can assign a correlation- and velocity-vector to each

recording site xij:

~A =



(A1, A1) · · · (A1, Aj) · · · (A1, An)
...

. . .
...

. . .
...

(Ai, A1) · · · (Ai, Aj) · · · (Ai, An)
...

. . .
...

. . .
...

(Am, A1) · · · (Am, Aj) · · · (Am, An)



~c =



(c1, c1) · · · (c1, cj) · · · (c1, cn)
...

. . .
...

. . .
...

(ci, c1) · · · (ci, cj) · · · (ci, cn)
...

. . .
...

. . .
...

(cm, c1) · · · (ci, cj) · · · (cm, cn)


.

The resulting vector fields ~A and ~c then allow to detect and describe plane, fixed-form

and even rotating waves (e. g. pinwheels). In contrast, the phase cone method (Freeman

and Barrie, 2000) does not detect such wave types because it is restricted by its fitting

function to signals with radial symmetric (cone-shaped) phase distributions (e. g. Bessel

Functions).

Multiple- and single-unit activity

Although the STC-method is developed for a continuous signal, it is possible, in principle,

to extend the method to recordings of multiple unit activity (MUA) and single unit activity

(SUA, spikes). A simple possibility is to convolve each recorded signal by a kernel function

in order to generate an amplitude continuous signal (e. g. Gaussian kernel, impulse response

of 1st order low-pass filter, or α-function; Baker and Gerstein, 2000). The time-course of

the kernel should preserve the time instances of spikes while suppressing the spectral

components of the single spikes. A better possibility follows from French and Holden

(1971) who developed an optimal method for unbiased and alias-free sampling of a spike

train in order to compute its relevant frequency content. This method can therefore

generate an optimal continuous time course (by inverse FFT) of a spike train that does

not contain the frequency components of the single spikes. These suggestions, currently

not tested, clearly require further tests with real data.
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2.4.10 Zero-delay correlation strength declines with recording

distance

Many previous investigations reported fast cortical coupling processes having zero-delay

correlations (e. g. Eckhorn et al., 1988; Gray et al., 1989; reviews: Gray, 1999; Eckhorn,

1999) and their decline with cortical distance (rat, rabbit : Bullock and McClune, 1989;

human: Bullock et al., 1995; cat : Steriade et al., 1996; Brosch et al., 1995; monkey :

Juergens et al., 1996; Frien and Eckhorn, 2000). In most cases it had been assumed

that correlational delays are fixed in time and independent of recording distance. Sev-

eral authors argued that they are probably due to common inputs from external targets

with equal delays (Munk et al., 1995; Ts’o et al., 1986). Their cross-correlation analyses

supported this view. The amplitude reduction of the zero-delay correlation-peak with dis-

tance was assumed to be exclusively due to the decline of coupling-density and -strength

with cortical distance. These reasons may well play a major role. However, we demon-

strate here that the decline with distance is strongly influenced by the phase variations

that systematically increase with recording distance (Fig. 2.6B). As these variations occur

mostly symmetrically to zero the peaks in the cross-correlations appear at the average

phase delay of zero (e. g. Fig. 2.3B). Looking at the single-trial responses in our data we

found constant zero correlation delays restricted to nearby recording sites (up to 3–4 mm

in V1), presumably mediated by short latency (< 3 ms) monosynaptic mutual connections

among neurons having overlap in their classical receptive fields (e. g. Nelson et al., 1992;

Frien et al., 1994). Among sites with longer delays (probably due to polysynaptic connec-

tions) phase relations vary more broadly which is seen in the traveling waves appearing

at various orientations. Summarized, we assume that also other investigations of syn-

chronized γ-oscillations, reporting stable zero-delay correlation with increasing recording

distance (instead of increasing phase delay), recorded parts of waves traveling in random

directions.

2.4.11 Conclusion

The STC-method shows another aspect of spatio-temporal coupling in cortical structures

that is generally not captured by the conventional pairwise correlation methods. Namely,

long traveling waves that change their orientations quickly and randomly over space and

time. The STC computes the phase relations of a continuous traveling wave over the

recording space at any instant of time in single-epoch data. It avoids averaging and does

not require stationarity. This is not the case in common pairwise correlation methods,
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including cross-correlation and spectral coherence. These methods fail to detect the phase

couplings of waves that change their traveling directions randomly. The STC is tailored

here to the detection of plane waves occurring at any orientation and phase-velocity relative

to a linear recording array. As such waves often appear in topologically ordered structures,

including cortical areas, this new method allows further insights into neural information

processing. The STC is an extension of methods specialized in detecting synchronized

oscillations, it includes synchrony detection as a special case.





Chapter 3

Traveling γ-Waves in Visual Cortex

New Insights into Coupling Processes in Visual Tex-

ture Coding

The phenomenon of traveling waves in excitable neural structures has been well known for

a long time, but its functional role in cortical information processing is still unclear. During

visual stimulation with grating textures we recorded traveling plane waves in the γ-fre-

quency range (30–90 Hz) with multiple micro-electrodes in striate cortex of awake monkeys.

Hitherto, synchronized γ-activity gained high interest due to its assumed role in associative

processing, including perceptual binding of object representations. However, γ-synchrony

in primary visual cortex is restricted to few millimeters of cortical surface, challenging the

synchronization hypothesis for larger cortical object representations. Recently, we devel-

oped a spatio-temporal correlation method capable of detecting and quantifying traveling

waves (cf. Chapter 2). Here we demonstrate for the monkey primary visual cortex, (1)

that the spatial restriction of γ-synchrony is due to the fact that the underlying signals

are γ-waves traveling in random directions across the object representation; (2) that the

γ-waves are most likely carried by neural representations coding local features of the ob-

ject surface (here: similar orientation preferences among all recording sites); and (3) that

γ-waves are discontinuous (decoupled) across an object-contour representation. We con-

clude that phase continuity of γ-waves may support the coding of object continuity and

moreover, we propose that the hypothesis of object representation by γ-synchronization

may be extended to more general forms of signal coupling and associative processing.
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3.1 Introduction

The neural mechanisms of dynamic cortical cooperativity, including those of perceptual

feature binding are largely unknown. How are local features flexibly grouped into actually

perceived objects? How do their current representations interact with visual memory and

other higher order processes? It has been proposed that binding of spatially distributed

features and inter-areal cooperations are supported by fast synchronization among neurons

involved in a common task, for example, the representation of a visual object (Reitboeck,

1983; von der Malsburg and Schneider, 1986). This hypothesis attracted attention when

synchronized γ-oscillations (30–90 Hz) were found in primary visual cortex (V1) of anes-

thetized cats (Eckhorn et al., 1988; Gray et al., 1989; Eckhorn, 1994) and awake monkeys

(Kreiter and Singer, 1992; Frien et al., 1994). Since then many experiments on γ-band

synchronization have been performed, many were supportive for the synchronization hy-

pothesis, some were challenging (reviews: e. g. Eckhorn, 1999; Eckhorn et al., 2004; Gray,

1999).

3.1.1 γ-synchronization in neural structures

Synchronized γ-signals were found in various cortical areas of cats and monkeys (e. g.

visual: Eckhorn et al., 1988; Gray et al., 1989; Kreiter and Singer, 1992; Eckhorn et al.,

1993a; Eckhorn, 1994; Frien et al., 1994; auditory: Brosch et al., 2002; motor: Murthy and

Fetz, 1992; Sanes and Donoghue, 1993). Nearly always, γ-activity had a cross-correlation

maximum around zero delay. In the context of the synchronization hypothesis for the

visual domain, this presumably means that neurons representing local features of the same

visual object become transiently synchronized. This may be related to coherent object

perception. However, a systematical analysis of the spatial extent of synchronized activity

in cat and monkey striate cortex reveals that γ-synchrony is restricted to a range from

1.5 to 3.0 mm (half-height decline; cat: Eckhorn, 1994; Brosch et al., 1995; Steriade et al.,

1996; monkey: Juergens et al., 1999; Frien and Eckhorn, 2000), even with large coherent

stimuli (Eckhorn, 1994; Frien and Eckhorn, 2000). According to a strict interpretation

of the initial binding-by-synchronization hypothesis, this should result in locally restricted

perceptual feature binding. But this is in contradiction to the capability of the visual

system to perceive local features of large objects, which are processed by large retinal and

cortical representations, seemingly without any effort as coherently bound.
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3.1.2 Traveling waves in neural structures

Former reports on multiple-site recordings in cortical and other two-dimensional, topo-

graphically arranged neural structures indicated that rhythmic correlations are often due

to standing or traveling waves. Traveling waves were observed in a variety of neural struc-

tures, frequency ranges and animal species: in retina of ferret and fetal cat (Meister et al.,

1991; review: Wong, 1999), in cat visual cortex (Bringuier et al., 1999), in monkey striate

cortex (cf. Chapter 2), in dog cortex (8–10 Hz: Lopes da Silva and Storm van Leeuwen,

1978), in rabbit olfactory (8–10 Hz: Freeman and Baird, 1987) and visual cortex (20–80 Hz:

Freeman and Barrie, 2000), in human thalamus and cortex (Ribary et al., 1991), in mol-

luscan olfactory system (Delaney et al., 1994; Gelperin, 1999), in turtle visual (Prechtl

et al., 2000) and olfactory cortex (Lam et al., 2000), in rat motor cortex (Georgeopoulos

et al., 1988) and neocortex (in vitro: Wadman and Gutnick, 1993; Golomb and Amitai,

1997) and in guinea-pig hippocampus (in vitro: Traub et al., 1993; reviews: Bullock, 1997;

Ermentrout and Kleinfeld, 2001). Although the phenomenon of traveling waves in neural

structures is well known, it was, to our knowledge, seldom associated with feature binding

in cortical processes (but see Freeman and Barrie, 2000; Prechtl et al., 2000). Traveling

waves, especially plane waves, have a prominent characteristic: they are highly correlated

over time and space. When a traveling wave’s velocity is constant within a short period

of time, the signal’s phase gradient is constant across space, indicating a phase continuity

of the signal across space. Additionally, synchronous signals can be quantified by waves

with a phase gradient of zero (corresponding to a standing wave; cf. Chapter 2). There-

fore, the capability of long-range feature binding across the surface of a large visual object

is probably due to a continuous binding among overlapping regions of locally restricted

feature binding. As opposed to strict synchrony, we suggest phase continuity of γ-activity

as a less restrictive type of signal coupling as a principle of spatial feature binding across

entire objects (Eckhorn et al., 2004).

3.1.3 Traveling waves versus synchronization

In our present investigation we re-examine former experiments (Tbl. 3.1), focused on

γ-synchrony, on the new aspect of traveling waves. In our present work, we will clarify

the apparent contradiction between the finding of spatial restriction of γ-synchronization

on the one hand, and the initially proposed coupling processes by the binding-by-syn-

chronization hypothesis on the other hand. In particular, we are interested whether the

coding of continuity of local features across an object’s surface (e. g. orientation, texture)
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Table 3.1: Overview of re-examined former experiments.

monkey stimulus electrode array (#) published in
HE oriented grating 1-dim (7) Frien and Eckhorn (2000)
HA oriented grating 1-dim (16) Gabriel and Eckhorn (2003)
HA, SV oriented grating 2-dim (16) Gail et al. (2004)
HA, SV figure-ground 1-dim (7) Gail et al. (2000)

may be supported by traveling waves, and whether their phase continuity is disrupted

across an object’s contour representation in striate cortex. These two facts would indi-

cate the potential contribution of traveling waves to the coding of surface continuity. For

this, we analyzed local field potentials (LFPs) in the γ-frequency range by means of our

spatio-temporal correlation method (STC; cf. Chapter 2), which is capable of detecting

and quantifying traveling waves. Our results show that the coupling dynamics of traveling

waves depend strongly on the continuity of the object surface. Particularly, the traveling

waves are most likely induced by neurons coding local features of the object surface (e. g.

line orientation). (Preliminary results have been reported in congress abstracts and a

methods paper: Eckhorn and Gabriel, 1999; Gabriel and Eckhorn, 1999, 2003).

3.2 Methods

3.2.1 Visual stimulation and data acquisition

Animal preparation

Experiments were performed on 3 male rhesus monkeys (Macaca mulatta). Preparation

and recording were carried out as reported elsewhere in detail (Eckhorn et al., 1993a; Frien

et al., 1994; Gail et al., 2000, 2004) in accordance with German laws of animal maintenance

and experimentation and the guidelines published in the NIH Guide for the Care and Use

of Laboratory Animals (NIH publication no. 86–23, revised 1987). After intensive training

and shortly before the experimental sessions a chamber (8–10 mm o. d.) was implanted

under deep barbiturate anaesthesia to give access to V1 through the intact dura. Stainless

steel head-posts for painless head fixation during recording sessions had been implanted

in the same way years before.
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Figure 3.1: Oriented grating stimuli and receptive fields. A, B: This example shows
the receptive field (RF) positions relative to the visual stimulus presentation (here: 135◦

oriented sinusoidal grating). The recordings were made with a linearly arranged array (A)
and with a 4× 4 array (B) of 16 µ-electrodes (original scaled; RF contours denote −3 dB
amplitude; lacking RFs of electrode number 5 in A, 1 and 4 in B).

Oriented grating task

Visual stimulation and recordings from the striate cortex of 3 awake monkeys (HA, HE,

SV) were carried out in experiments reported elsewhere (Frien and Eckhorn, 2000; Gail

et al., 2004). In short, visual stimuli were large static sinusoidal luminance gratings, shown

successively at different orientations in random order (e. g. Fig. 3.1A+B). The monkeys

performed a fixation task while local field potentials (LFPs; band-pass filtered: 1–140 Hz;

cutoff: 18 dB/oct) were recorded simultaneously on 16 channels (monkeys HA, SV) or on

7 channels (monkey HE) of a µ-electrode array (Eckhorn and Thomas, 1993). We used

two types of µ-electrode arrays: (1) a linear array arrangement with 500 µm electrode

spacing for monkey HA and with 750 µm electrode spacing for monkey HE. The receptive

field (RF) centers were positioned parafoveally at around 2◦ with an extent of 1.9◦ visual

angle for monkey HA and around 4◦ with an extent of 2.8◦ visual angle for monkey HE

(e. g. Fig. 3.1A). (2) We used a regular 4 × 4 array with 500 or 750 µm electrode spacing

for monkeys HA and SV (Fig. 3.1B). The RF centers were positioned parafoveally at 2◦

with an extent of 1◦ × 1◦ visual angle. The µ-electrodes were inserted individually into

layers 2/3 of V1 and neural activity was recorded simultaneously extracellularly from all

electrodes.
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Figure 3.2: Figure-ground stimuli and receptive fields. Three different arrangements of
the classical receptive fields with respect to object and background. Recordings were
made with a linearly arranged array of 7 µ-electrodes. A: Receptive fields across contour,
B: along the contour, C: parallel to the contour, i. e. within a scene segment (average
receptive field distance from the contour is the same as that of the outer receptive fields
in A. Note that the object positions but not those of the receptive fields have been changed
during the same recording session (OB: object, BO: figure ground border, BG: background;
modified from Gail et al., 2000).

Figure-ground task

Visual stimulation and recording from the striate cortex of two awake monkeys (HA, SV)

was carried out in experiments reported in Gail et al. (2000). In short, the stimulus

consisted of a sinusoidal grating extending over the whole monitor screen, covering 9.1◦×
6.8◦ of the monkeys’ visual field. Within this area a square object was defined by a

2.75◦ × 2.75◦ part of the grating with a static offset in spatial phase (Fig. 3.2). The

spatial phase offset has the advantage that both object surface and background have as

much identical local features (e. g. contrast, spatial frequency, orientation) as possible.

The spatial frequency of the grating was kept constant within each recording session while

it varied among sessions (adapted to the average eccentricity of the recording locations).

The RF centers lay at around 1.5◦ parafoveally with an average extent of 0.4◦ visual

angle. In each session 7 linearly arranged µ-electrodes with 500 or 750 µm inter-electrode

spacing were inserted individually into layers 2/3 of V1 and neural activity was recorded

simultaneously extracellularly from all electrodes.
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Data acquisition

LFPs were extracted from the raw broad-band signal (1 Hz to 10 kHz) by band-pass filtering

from 1 Hz to 140 Hz (cutoff: 18 dB/oct). LFP amplitudes of each recording channel were

normalized by its amplitude standard deviation (SD) during the pre-stimulus period. The

sampling rate for all signals was 500 Hz. Signals from lacking recording positions due to

partially damaged electrodes were interpolated in compliance with the spatial sampling

theorem (e. g. Glaser and Ruchkin, 1976). Furthermore, all applied correlation methods

were restricted to the γ-frequency range (30–90 Hz) of LFP.

Mapping of classical receptive fields

Position and extent of the classical receptive fields (cRFs) were measured with the RF-cin-

ematogram method (Eckhorn et al., 1993b). For this, a white spot of Gaussian lumi-

nance distribution changed its location pseudo-randomly every 30.6 ms on a hexagonal

grid within a rectangular frame containing all pre-estimated cRF positions. Cross-cor-

relation between stimulus position and neural response yields a time resolved projection

of the neuron’s spatial response profile in visual space, i. e. the temporal development of

the spatial aspects of the cRF structure. To extract the cRF position and extent, the

temporal dynamics were ignored. Receptive field measures were obtained by averaging

over the epoch of the strongest response. This raw receptive field profile was interpolated

spatially and the contour of the 71% (∼= −3 dB) level was considered the cRF’s contour.

Hence, its center of mass gives the cRF center and the average diameter an estimate for its

size, which is close to that obtained with the minimum response method (Barlow, 1972).

Corresponding LFP receptive fields were on average 30% larger in diameter. The sizes for

multiple unit activity (MUA) and LFP were determined with the same criteria and the

same raw recordings. The cortical magnification factor (CMF) was obtained by averaging

over the ratio of the distance between electrode positions in cortical coordinates to the

distance between classical receptive field centers of MUA (corresponding to the electrode

positions) in visual coordinates (Daniel and Whitteridge, 1961).

3.2.2 Data analysis

Spatio-temporal correlation

We used the STC measure for multiple simultaneously recorded signals (developed previ-

ously; cf. Chapter 2). This method is capable of quantifying the properties of traveling
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waves for a one-dimensional recording array. In other words, the method analyzes the

projection of plane traveling waves along these recording positions. In recordings with

µ-electrode arrays, the spatial range (and density) of recording positions is limited and

discrete. The discrete form of the recorded signal f is represented by

f(xi,tj) with i ∈ {1, 2, .., n}, j ∈ {1, 2, ..,m},

where xi are n equidistant sites with xi+1−xi = ∆x, and ∆x is the distance of neighboring

recording sites (here 500 or 750 µm). The sampling points in time obey the relation

tj+1 − tj = ∆t, where ∆t is the temporal sampling interval (here 2 ms). To analyze the

time course of the STC, f(xi,tj) is divided into short consecutive overlapping epochs of

20 ms duration (mean wave length of typical γ-oscillations) and an overlap of 10 ms. The

STC is defined by

STCxw,tw(ξ, τ) =
1

n− |ξ| /∆x

∑
i

∑
j

f(xi, tj)normf(xi+|ξ|/∆x, tj+τ/∆t)norm (3.1)

with

i ∈ {N0| |ξ| /∆x ≤ i ≤ n− |ξ| /∆x},

j ∈ {N0|
tw − T/2

∆t
≤ j ≤ tw + T/2

∆t
},

where ξ is the spatial shift, τ the temporal shift, xw is the spatial center position, tw the

temporal center position, and T the length of the sliding window (Fig. 3.3). f(xi, tk)norm

is denoted by the z-score of f(xi, tk):

f(xi, tk)norm =
f(xi, tk)− f̄(xi)√∑
j[f(xi, tj)− f̄(xi)]2

(3.2)

with

j ∈ {N0| k − T/(2∆t) ≤ j ≤ k + T/(2∆t)},

where f̄(xi) denotes the mean within the time interval.

Put into words, the STC is expressed as the average of the product of every f(xi, tj)

with f(xi−|ξ|/∆x, tk−τ/∆t), combined for all product pairs with the same spatial recording

distance ξ and delay τ . STC(ξ, τ) is a function of spatial shift ξ and delay τ . The

auto-correlation is obtained by setting ξ = 0 and τ = 0. STC(ξ, τ) is the normalized

correlation (range −1 to +1) of the spatio-temporal portrait of the recorded signals. If all
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Figure 3.3: Schematic diagram of the time resolved spatio-temporal correlation. Time
course of a 7-channel recording from striate cortex of an awake monkey using a sliding
window at spatial center position xw and temporal center position tw. STCxw,tw(ξ, τ) is ex-
pressed as the average of the product of every fnorm(xi, tj) (A) with fnorm(xi−|ξ|/∆x, tk−τ/∆t)
(B), combined for all product pairs with the same spatial recording distance ξ and delay τ
(cf. Eq. 3.1).

values of f(xi,tj) are statistically independent in time and space, the STC measure will

be close to zero. If the multiple recordings show a traveling plane wave with constant

velocity, the maxima of STC(ξ, τ) are close to 1 and linearly arranged. We simplified the

interpretation of the STC by fitting the results of the STC (Eq. 3.1) with its theoretically

expected function (Levenberg-Marquardt fit algorithm, in: More, 1995). The theoretical

function CA(ξ,τ) of the STC induced by periodic traveling plane waves is denoted by

CA(ξ,τ) = A · cos(2πν(τ − ξ

c
))

∣∣∣∣ ξ 6=0
τ 6=0

, (3.3)

where the amplitude factor A is the correlation strength of the STC within the analysis

window. The variable ν is the temporal frequency and variable c is the velocity of the

currently detected traveling wave. A can range from 0 (spatio-temporal independence)

to 1 (plane wave), ν was in the range of the γ-band. The reciprocal velocity |c|−1 was

limited between 0 (synchrony) and 10 s/m (slow wave). A greater reciprocal velocity limit

for the slowest measurable wave is not plausible here, because an oscillatory signal cannot

be constructively composed of traveling waves with a phase variation greater than the

wave length of the oscillation. Additionally, we excluded the case of the auto-correlation

(ξ = 0; τ = 0) because the auto-correlation equals 1 by definition.
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Figure 3.4: Schematic diagram of spatio-temporal correlation (STC) applied to a two-di-
mensional µ-electrode array. The time-resolved STC-algorithm is applied to each ith row
and jth column of the recording sites (here 4 × 4 µ-electrode array). STC(ξi, τ) analyzes
the projection of traveling waves along the ith row and STC(ξj, τ) along the jth column.

The resulting velocity vector ~c = (ci, cj) and correlation vector ~A = (Ai, Aj) denote the
direction and correlation strength of traveling waves at recording site xij.

In the present work, we extended the STC to two-dimensional cases (regular rectangular

grid) by applying the STC-algorithm to each ith row and jth column of the recording

sites (Fig. 3.4). The STC(ξi, τ) analyzes the projection of traveling waves along the ith

row and STC(ξj, τ) along the jth column. If both fits of the ith row and jth column are

simultaneously successful, we can assign a correlation- and velocity-vector to the recording

site xij. The resulting vector fields ~A and ~c then allow to detect and describe plane,

fixed-form and even rotating waves.

Coherence

The coherence is calculated by using the traditional Bartlett method:

κ̂2
ij (ν) =

∣∣∣∑N
l Fl(xi, ν)F *

l (xj, ν)
∣∣∣ 2

∑N
l |Fl(xi, ν)|2

∑N
l |Fl(xj, ν)|2

, (3.4)

where Fl(xi, ν) is the complex spectrum of fl(xi, t) at position xi for signal epoch l ∈
{1, 2, .., N} (the asterisk denotes the complex conjugate, N the number of trial epochs;
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e. g. Glaser and Ruchkin, 1976). The coherence is normalized to the range [0, 1] and

measures frequency dependent the degree of co-varying amplitudes and a consistent phase

lag between two signals over trials. The systematic overestimation of coherence due to the

limited number of contributing trials is corrected (Benignus, 1969) by

κ2 = κ̂2 − 1

N
(1− κ̂2). (3.5)

The coherence κ2 was root squared to achieve a comparable quantization of coherence and

STC.

Orientation vector, orientation index and iso-orientation index

Orientation vector and orientation index. To quantify the width and preferred orientation

of orientation tunings (OTs) we defined the orientation vector ~o. ~o is obtained by fitting the

OTs with an ellipse function (Levenberg-Marquardt algorithm, in: More, 1995) because

on average the OTs of LFPs generally resemble ellipses (Frien et al., 2000). In polar

coordinates, the ellipse equation is defined as

x = r′ cos(θ′ − θ)

y = r′ sin(θ′ − θ)
(3.6)

with

r′
2

=
b2a2

b2 cos2 θ′ + a2 sin2 θ′
,

where the angle θ′, also called eccentric angle, is measured from the center of the ellipse

and the parameter r′ is the distance of a point from the ellipse center. The parameter b

is called the semiminor by analogy with the parameter a, which is called the semimajor

(assuming b < a). The orientation of the semimajor axis a (or the rotation angle of the

ellipse) is given by the angle θ. The definition of ~o follows then from the latter three

parameters

~o = (1− b

a
)

(
cos θ

sin θ

)
, (3.7)

where the length |~o| = 1 − b/a (flattening of the ellipse) is called the orientation index

(OI). The index OI (0 ≤ OI < 1) represents the sharpness and the angle θ the preferred

orientation of the OT (see Fig. 3.5). An OI close to 0 means that the OT is not orientation-

specific, a value close to 1 means that the OT is strongly orientation-specific.
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Figure 3.5: Schematic diagram of orientation vector evaluation. The experimentally mea-
sured orientation tuning (OT; black blobs: measuring points; black line: interpolation) is
fitted by the ellipse function (gray line; Eq. 3.6). The orientation vector ~o is denoted by
the rotation angle θ and by the flattening (orientation index: OI = |~o| = 1 − b/a) of the
ellipse. The orientation index (0 ≤ OI < 1) characterizes the sharpness and the angle θ
the preferred orientation of the measured OT.

Iso-orientation index. To quantify the similarity between a reference orientation vector

~oj and N − 1 orientation vectors ~oi with i ∈ {N0|i < N, i6=j} we defined the referential

iso-orientation index (OIisoref) as the average of the pairwise scalar products between the

reference vector and the remaining vectors. The OIisoref is defined as follows:

ÕI
iso

ref = ÕI
iso

j:i6=j =
1

N − 1

N−1∑
i=0
i6=j

[2|~oi ·~oj| − |~oi||~oj|] (3.8)

The term [2|~oi ·~oj| − |~oi||~oj|] ensures that an angle difference between ~oi and ~oj smaller

than 45◦ makes a positive contribution and that an angle difference greater than 45◦

makes a negative contribution to the sum. The iso-orientation index is obtained by the

sign-preserving square root of Eq. 3.8 to achieve a comparable quantization with the OI:

OIisoref = signum (ÕI
iso

ref)

√∣∣∣ÕI
iso

ref

∣∣∣ (3.9)



3.2. METHODS 55

In an analogous manner, we defined the general iso-orientation index (OIisogen) by the average

of scalar products between all pairwise disjoint orientation vectors ~oi and ~oj to quantify

the similarity between all N orientation vectors. The OIisogen is defined as follows:

ÕI
iso

gen =
2

N(N − 1)

N−1∑
i=1

i−1∑
j=0

[2|~oi ·~oj| − |~oi||~oj|] (3.10)

Extracting the sign-preserving square root of Eq. 3.10 leads to the OIisogen:

OIisogen = signum (ÕI
iso

gen)

√∣∣∣ÕI
iso

gen

∣∣∣ (3.11)

Both the referential and the general iso-orientation index measure the degree of similarity

of all orientation vector pairs. Their range varies theoretically between −1 and +1. A

value close to +1 means that all OTs have the same preferred orientation and that all

OTs are highly orientation-specific. A value close to −1 means that all OTs are arranged

orthogonally to each other and that all are highly orientation-specific. A value close to

0 means that neither an orientation specificity nor a similar (or orthogonal) preferred

orientation between each other is present.

Statistical testing with surrogate data

From cortex signals we generated surrogate data for deriving null hypotheses for the meth-

ods compared here by means of a bootstrap method. In detail, for surrogate data we took

a sequence of N uniformly distributed, pairwise distinct indices li ∈ {1, 2, .., N} of N trial

epochs for each position xi of the original signal fl(xi, tj). For the epoch l at position xi

follows:

sl(xi, tj) = fli(xi, tj). (3.12)

Statistical tests of significance

Statistical significance tests were done using a Mann-Whitney U-Test on differences be-

tween correlation strengths (e. g. STC or coherence). In order to compare multiple inde-

pendent statistical tests, e. g. repetitions of tests or time-resolved tests with overlapping

temporal sliding windows, we corrected the significance levels by the Bonferroni correction

method.
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3.3 Results

3.3.1 General properties of the traveling γ-waves

Phase and correlation dynamics of the γ-waves

Figure 3.6A shows a typical single trial of γ-LFPs recorded simultaneously with a linearly

arranged µ-electrode array (15 electrodes, 500 µm pitch) from primary visual cortex of

an awake monkey. At t = 0 ms a spatially and temporally constant visual stimulus was

switched on (sinusoidal luminance grating), covering the cRF positions of all recording

locations (Fig. 3.1A). The example shows the fast changing phase gradient of γ-oscilla-

tions (dominant frequency in this example around 55 Hz), interpretable as a projection

of periodically emerging traveling plane waves of γ-activity along the µ-electrode array.

Figure 3.6B shows the time resolved quantitative evaluation of the traveling waves’ ve-

locity and coupling strength revealed by the STC-analysis applied to the data shown in

Figure 3.6A. The phase gradient (reciprocal velocity) can change from phase-lead over syn-

chrony (exactly perpendicular at 250 ms) to phase-lag and vice versa within 50 to 200 ms.

The mean SD of reciprocal velocity over time within a single trial is about 1 s/m (cf. gra-

dient in Fig. 3.9C). The γ-LFPs are highly correlated along the recording positions, the

corresponding STC-strength varies from 0.6 to 0.9 after stimulus onset. Additionally, we

show in Figure 3.6C the average root mean square (RMS) amplitude of all signals shown

in Figure 3.6A. The induced γ-power after stimulus onset correlates with the detection of

traveling plane waves by the STC-analysis (Fig. 3.6B).

Velocities of the γ-waves

Hitherto, we have shown projections of traveling plane waves only along one-dimensional

recording arrangements. To validate the existence of traveling plane waves and to measure

their velocity, two-dimensional sampling is necessary. Figure 3.7 shows single-trial post-

stimulus LFP signals (band-pass filtered: 30–90 Hz) recorded with a 4 × 4 µ-electrode

array (750 µm pitch; ≈ 5 mm2 cortex area) from V1. The signals of the lower electrode

row could not be analyzed because electrodes 1 and 4 were damaged. The color coded

amplitude plots show an LFP time course of 90 ms duration (step period: 6 ms). The

STC-analysis detects successfully a traveling plane wave within 60 ms (3× period length of

γ-oscillation). In Figure 3.7, the wave changes its direction from a vertical to an oblique

propagation along the recording positions.
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Figure 3.6: Time course of one-dimensional channel recording from striate cortex of an
awake monkey analyzed with the STC. A: Local field potentials (LFPs) recorded simul-
taneously with a linearly arranged µ-electrode array (15 electrodes, 500 µm pitch) from
layers 2/3 in V1. The data are band-pass filtered at 30–90 Hz and the signal of dam-
aged electrode number 5 is spatially interpolated. At 0 ms a sustained visual stimulus
was switched on, covering the receptive field positions of all recording locations. Note the
fast changes in reciprocal velocity of the traveling waves (color coded amplitudes). They
can change from phase-lead over synchrony (exactly perpendicular) to phase-lag and vice
versa within 50 to 200 ms. B: Time course of the traveling wave’s velocity and correlation
strength quantified by the application of the STC to the data shown in A. The black blobs
denote the successfully detected traveling plane waves by the STC. The relative positions
of the blobs reflect the reciprocal velocity and the diameter of the blobs reflect the corre-
lation strength of the current traveling plane wave. C: Time course of the normalized root
mean squared amplitude of all channels shown in A. Note the emerging γ-activity after
stimulus onset is approximately congruent with the detection of traveling plane waves (cf.
Movie 4.2).

Figure 3.8 shows the statistics of all measured velocities. The distributions in Figure 3.8

were obtained from 512 trial repetitions of 4× 4 µ-electrode array LFP recordings (500 ms

stimulus presentation) in primary visual cortex of two awake monkeys (HA, SV). The
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Figure 3.7: Time course of two-dimensional channel recording from striate cortex of an
awake monkey analyzed with the STC. Single trial of band-pass filtered (30–90 Hz) LFPs
recorded simultaneously with a 4 × 4 µ-electrode array (500 µm pitch) from layers 2/3
in V1 after stimulus onset (color coded amplitudes). Signals of lower electrode row are
not analyzed here because of damaged electrode numbers 1 and 4. The arrows denote
the successful detection of a traveling plane wave by the STC-method at each electrode
position xij. The arrow length reflects the reciprocal velocity and the arrow direction the
propagation direction of the wave. Note the fast change of the wave’s propagation direction
within 60 ms. The average velocity over time and space of the here shown traveling wave
is about 0.3 m/s (cf. Movie 4.3).
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data were band-pass filtered at 30–90 Hz before applying the STC-analysis to each row

and column of the electrode array (Fig. 3.4). Altogether, the distributions are based on

13 · 103 successfully detected reciprocal velocities ~c −1
ij of traveling wave projections by the

STC-method. The shape of the reciprocal velocity distribution is approximately Gaussian

and its SD is about 2 s/m (see Fig. 3.8A). The broad velocity distribution and the low

number of close-to-zero reciprocal velocities implies that synchrony of γ-activity occurs

rather seldom. Therefore, the distribution of the velocities’ absolute values is skewed

(Fig. 3.8B). Its maximum is at a velocity of 0.3 m/s and the percentage of velocities faster

than 2 m/s is below 5%.

3.3.2 Spatial cortical extent of γ-waves

In order to estimate how far the traveling waves extend spatially, we compared the distance

dependence of mean STC-strength (Fig. 3.9A) and mean coherence (Fig. 3.9B) of LFPs.

For this analysis, LFPs were recorded simultaneously with linearly arranged µ-electrodes in

V1 of two awake monkeys (HE, HA) in response to identical stimulus presentations. Please

note the different foveal eccentricities of recording positions in each monkey. We found that

the effective spatial cortical coupling ranges of coherence are at least 3 times smaller than

those of the STC (estimated at half-height decline; Fig. 3.9A, B). STC-strength differences

of LFP data and surrogate LFP are highly significant (p < 0.001) for all distances (measured

up to 7.5 mm) while the average coherence significance tests failed (p < 0.05) for distances

larger than 1.4◦ (, 5.5 mm cortical distance) for monkey HA at a foveal eccentricity of 2◦

and larger than 1.9◦ (, 3 mm cortical distance) for monkey HE at a foveal eccentricity of

4◦. The gradients of STC-strength with increasing visual angle distance are approximately

equal in both monkeys, although the cortical magnification factor differs approximately

by a factor of 2. Figure 3.9C shows the mean SD of relative phases within a trial as

a function of distance, which are obtained by the product of reciprocal velocities and

distance. The relative phases are distributed approximately Gaussian (not shown) and

the mean SD of relative phases in Figure 3.9C increases linearly with the distance in

visual angle (proportional to cortical distance).
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Figure 3.8: Velocity distribution of traveling γ-waves recorded with a 4 × 4 µ-electrode
arrays in striate cortex of awake monkeys. A: Distribution of traveling waves’ preferred
propagation direction and reciprocal velocity ~c−1

ij detected simultaneously by the STC-

analysis along the ith row and the jth column. Note the broad Gaussian distribution (SD =
2.1 s/m) of the reciprocal velocities, i. e. γ-waves travel at variable velocities and directions.
Moreover, synchronous events (|~cij|−1 = 0 s/m) occur rather seldom. B: Distribution of
the velocities’ absolute value |~cij| shown in A. Note that this distribution is similar to the
distribution of spike velocities of horizontal connections in striate cortex of monkey and
other species (review: Nowak and Bullier, 1997).
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3.3.3 Relations between visual stimuli and occurrence of the

γ-waves

Stimulus related γ-waves among cortical locations representing the same spa-

tial orientation of the stimulus

To test whether the occurrence and extent of traveling γ-waves depend on elementary

stimulus properties, like local orientations of luminance contours, we recorded LFP data

while sinusoidal luminance gratings were presented successively at four different orien-

tations (0◦, 45◦, 90◦, 135◦). Figure 3.10 shows example data (γ-band: 30–90 Hz) of a

15-channel recording (185 trials of one recording day) analyzed with respect to their

RMS-amplitude and the STC-method. Both analyses were applied to the same data in

the same frequency band (30–90 Hz; sliding analysis window of 20 ms duration with a

shift of 10 ms). We found that the mean STC-strength in Figure 3.10B reveals a sharper

orientation tuning (OT) than the mean RMS-amplitude in Figure 3.10A. The mean pre-

ferred orientation of the OT (cf. Section 3.2.2) over time measured by the STC-analysis

is approximately 166◦ (modulo 180◦) and its SD is about 13◦ (Fig. 3.10B). Figure 3.10C

shows the time course of the RMS-amplitude and the STC-strength, both averaged over

all visual stimulus orientations. While the RMS-amplitude increases slowly after stimulus

onset, the STC-strength has a peak (stimulus-locked) 60 ms after stimulus onset. In the

subsequent response phase (t >100 ms) both curves have a similar shape (see Fig. 3.10C).

Figure 3.10D shows the trial-averaged and orientation-averaged distribution of traveling

waves’ reciprocal velocity measured by the STC-analysis as function of time. 60 ms after

stimulus onset the reciprocal velocity varies little (≈ phase-locked, SD<0.2 s/m). In the

subsequent phase its SD fluctuates around 0.5 s/m. The mean of the reciprocal velocity

remains approximately constant around 1 s/m. Note that the orientation dependent re-

ciprocal velocity’s distributions differ only in absolute frequency not in its variance (data

not shown).

Due to the limited number of recording positions, it is difficult to obtain simultaneously

the optimal local feature representations of the stimulus at all recording positions (cf.

Section 3.4.7). Therefore, it is necessary to test statistically whether the traveling waves

occur more frequently the better the local stimulus features correlate with the measured

local feature preference at their corresponding recording positions in V1. In the experiment

considered here, the stimulus is composed of luminance contours that have the same local

orientation. Thus, it is of interest whether the above observed orientation tunings (OTs)
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Figure 3.10: Comparison of orientation tuning (OT) time course computed by root mean
square (RMS) amplitude and STC-strength of 15-channel local field potential (LFP, 30–
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measured by the STC-analysis as function of time (color coded probability). Average
SD over all trials of reciprocal velocities (red dotted lines) after stimulus onset is about
0.5 s/m.
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of traveling waves’ STC-strengths are directly correlated with the iso-orientation degree

and the preferred orientations of all local measured orientation tunings.

For this, we compared the orientation index (OI) of STC-strength with the general iso-

orientation index (OIisogen) of all orientation tunings measured by the RMS-amplitude at each

recording position. We constructed a cross-correlogram of each possible pair of STC-OI

and OIisogen (Fig. 3.11A). All orientation indices were computed from the trial-averaged

STC-strength and RMS-amplitude of γ-LFPs within the post stimulus epoch from 100 to

420 ms of each recording day. The analysis window of both methods was of 20 ms duration

without overlap and therefore, we obtained 21 cross-pairs for each recording day, i. e. 294

cross-pairs for 14 recording days (cf. table in Fig. 3.9). Figure 3.11A shows that traveling

wave’s STC-OI increases with increasing OIisogen. The Pearson’s correlation between STC-OI

and OIisogen reveals a correlation coefficient of 0.29 (99% confidence interval: 0.14 < 0.29 <

0.42). The more similar the local orientation preference at all recording sites correlates to

the corresponding local stimulus orientation the higher the OI of STC-strength.

But the OI of STC-strength per definition means that the occurrence of traveling waves

has any preferred stimulus orientation. Whether the preferred stimulus orientation of the

waves is the same as the average of local preferred orientations at all recording sites must

still be tested. For this, we compared the referential iso-orientation index (OIisoref) of STC-

strength with the OIisogen of all orientation tunings at each recording position (Fig. 3.11B).

The occurrence of cross-pairs in the first quadrant is about 80%. The Pearson’s correlation

between OIisoref and OIisogen of cross-pairs within the first quadrant reveals a high correlation

of 0.73 (99% confidence interval: 0.64 < 0.73 < 0.80). The Pearson’s correlation between

OIisoref and OIisogen of cross-pairs within the second quadrant reveals a correlation of -0.64

(99% confidence interval: −0.80 < −0.64 < −0.39). Within the first quadrant, the high

correlation and a high occurrence means that LFPs of similar OT characteristics at separate

cortical sites are highly correlated by traveling waves of similar OT. Within the second

quadrant, the maximal OIisoref and OIisogen is reduced by half, the occurrence of cross-pairs is

reduced more than by quarter and their correlation is negative. This probably means in

fact that LFPs of dissimilar or weak OT characteristics at separate cortical sites are still

correlated by traveling waves, but the traveling waves’ OT is barely correlated with the

local preferred orientations.

Traveling γ-waves are cut off at the cortical representation of object contours

In order to investigate whether traveling waves can pass the cortical representation of an

object contour, we compared their coupling between background and object representation.
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For this, we computed the differences of time resolved STC-strength of γ-LFP between

continuous grating and rectangle (shifted grating) condition of two awake monkeys (HA,

SV). Uncorrelated waves at both sides of a contour representation would mean that they

cannot cross such representation. This is interesting in view of the former synchronization

hypothesis concerning the coding of figure-ground segregation (Gail et al., 2000). While

the γ-power in V1 of monkey HA was similar with vertically and horizontally oriented

large gratings, the γ-power recorded in monkey SV was twice as high with the vertical

compared to the horizontal gratings. In addition, γ-activity was not as pronounced with

monkey SV as with monkey HA. The γ-power in Monkey SV was also increased with

stimulus presentation, but the power spectrum was less rhythmic (i. e. more broad band

stochastic due to an unstable γ-frequency; see also Gail et al. (2000) for the measurements

in these monkeys). The differences between continuous grating and rectangle conditions

were tested with the Mann-Whitney U-Test. To compensate for error accumulation due

to multiple testing by overlapping sliding windows, we corrected conservatively the alpha

criterion according to Bonferroni with a factor of 4 (here: sliding window of 24 ms duration

with a shift of 6 ms).

The correlation between waves inside and outside the cortical object representations is

shown in the across-contour condition (Fig. 3.12A). The reduction of STC-strength became

highly significant 60 ms and later after stimulus onset of the object contour compared to

the continuous grating without an object presence. The largest difference is reached after

100 ms for monkey SV and after 150 ms for monkey HA. While the difference in monkey HA

remains highly significant (p<0.01) over the entire post-stimulus epoch, the difference and

its significance in monkey SV collapses 250 ms after stimulus onset and recovers weakly

at 300 ms (p<0.05). In the along-contour condition (Fig. 3.12B) the curve progressions

are quite similar compared to those of Figure 3.12A. However, we want to point out two

differences: (1) the coupling of γ-waves along the object’s contour at 60 ms is for a short

time (sharp negative peak) higher than the coupling in the continuous-grating condition

for monkey HA; (2) the reduction of STC-strength and its significance is higher than in

the across-contour condition shown (Fig. 3.12A) for monkey SV. The difference and its

significance in monkey SV collapses 200 ms after stimulus onset but recovers at 250 ms at

the same level as for monkey HA. Note that the grating orientation but not the position

of the receptive fields has been changed during the same recording session. Therefore, the

analyzed data in Figure 3.12A and 3.12B are based on different neuronal populations with

different strengths of γ-activity depending on stimulus orientation. Because the measured

LFPs with an effective radius of about 500 µm (half-height decline) can represent neural

signals of different local feature domains (cf. Section 3.4.7).
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The decoupling of γ-waves across the object’s contour would not be of large interest if such

decoupling would just as strongly be induced in the within-segment condition. Therefore,

we measured also the STC-strength difference in the within-segment condition (Fig. 3.12C).

While the STC-strength of recordings from monkey SV reveals no significant difference

during the stimulation period, the STC-strength of recordings from monkey HA shows

partially a significant difference. However, the average absolute difference after stimulus

onset in Monkey HA is only half as high as in the across-contour condition (Fig. 3.12A).
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Figure 3.12: Time course of average STC-strength difference between continuous sinusoidal
grating (CG) and the three different object (OB) position conditions. Mean STC-strengths
were computed from local field potential trials (each of 950 ms duration) in the γ-range
(30–90 Hz) of two awake monkeys (HA: black dotted line, SV: gray dotted line) in re-
sponse to identical visual stimulus repetitions for each condition. The circles show the
Bonferroni corrected levels of significance (diameter of circles) for Mann-Whitney U-Tests
on differences of STC-strength between CG and OB condition. Time course of average
STC-strength difference in the across-contour (A), in the along-contour (B) and in the
within-segment (C) condition.
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3.4 Discussion

3.4.1 Main results

We demonstrate that the spatial restriction of γ-synchrony in primary visual cortex is

due to γ-waves traveling in random directions across the cortical object representation.

In particular, our results suggest that γ-waves are carried by neurons which represent the

local features of the object surface according to the Gestalt laws of perceptual binding (i. e.

similarity, proximity and good continuation; Koffka, 1935). While the phase continuity

of traveling waves exceeds by far the range of γ-synchrony among representations of a

continuous object surface, the phase continuity of traveling waves is discontinued across

representations of an object contour. This means that traveling waves are cut off at

the representation of the object contour. Therefore, we suggest that phase continuity of

traveling γ-waves supports the coding of object surface continuity as an extension to the

initial binding-by-synchronization hypothesis.

3.4.2 Cortical extent of γ-waves exceeds that of γ-synchrony

Spike transmission is the main basis for cortical information transfer. Since lateral spike

conduction velocity in V1 is rather slow (review: Nowak and Bullier, 1997), zero-lag syn-

chrony between spatially separated neurons with lateral monosynaptic and, even more,

with far reaching polysynaptic connections seems apparently contradictory to finite spike

conduction velocities. However, input from a common source with any finite, but equal,

delays (i. e. the product of distance and conduction velocity for each target is constant)

could well explain synchrony over any spatial range. But such large-scale synchrony of neu-

ral populations has not been observed to date. The present and all previous investigations

examining explicitly intra-cortically the spatial range of γ-synchrony with µ-electrodes

revealed that the range is restricted to few millimeters (cf. Section 3.1.1; Fig. 3.9B). From

this data, we cannot determine to what degree lateral connections, feed-forward and feed-

back common inputs lead to the observed large spatial extent of traveling γ-waves. But we

can exclude that the extent of γ-waves, reaching beyond that of γ-synchrony, is due to a

single common strong input that covers a broad spatial range in V1 as well as is modulated

at the γ-oscillation frequency from a higher cortical area (e. g. V2, V4, MT/MST). Because

such an input would result in stable phase relations of the γ-activity in V1 and hence, in

contrast to our observations, in large-scale γ-synchrony.
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However, if traveling waves in LFPs reflect implicitly the signal coupling between local

groups of neurons, their velocity should then correspond on average to the spike conduc-

tion velocity of the participating axons. As anticipated, we measured traveling waves of

γ-LFP with velocities matching in particular the horizontal spike conduction velocities in

V1. The velocity distribution (maximum: 0.3 m/s; Fig. 3.8B) is rather similar to the spike

velocities of horizontal connections measured in visual cortex of monkey and other species

(monkey: 0.1–0.2 m/s by optical imaging: Grinvald et al., 1994; Slovin et al., 2002; cat:

0.1 m/s by intra-cellular measurements, Bringuier et al., 1999; turtle: 0.2–0.4 m/s by opti-

cal imaging and extracellular measurements, Prechtl et al., 1997, 2000; rabbit: 0.6 m/s by

extracellular measurements, Freeman and Barrie, 2000; review: Nowak and Bullier, 1997).

The corresponding distribution of γ-wave propagation directions is Gaussian shaped and

reveals that γ-waves travel on average at variable velocities and directions (Fig. 3.8A).

This implies that synchronous neural activation, interpretable as standing waves or trav-

eling waves with a high velocity occurs rather seldom. Its probability is less than 5%

for velocities greater than 2 m/s (Fig. 3.8B). In addition, the phase variation of traveling

waves, which increases with spatial distance (Fig. 3.9C), shows directly the reason for the

restricted coupling range of γ-synchrony: synchronization-sensitive measures (e. g. coher-

ence: Fig. 3.9B) fail when the phase variation of signals in the γ-band is greater than

approximately 6 ms (quarter of the dominant oscillation period; Fig. 3.9C).

The significant coupling ranges of coherence (up to 3–5 mm in V1; Fig. 3.9B) are similar to

the ranges of monosynaptic mutual connections in monkey V1 (Sincich and Blasdel, 2001;

Angelucci et al., 2002; Stettler et al., 2002). Therefore, the γ-synchronization restricted to

nearby recording sites is presumably mediated by short latency monosynaptic connections

among neurons having overlap in their classical receptive fields and common input by local

inhibition (e. g. Nelson et al., 1992; Frien et al., 1994). In contrast to the restricted coupling

range of γ-synchronization the coupling induced by γ-waves extends further than the

maximal distance of our recording sites (7.5 mm cortical distance; Fig. 3.9A). Hence, the

effect of broadly varying but continuously coupled phase relations among recording sites

with large distances, as they occur during wave periods, is probably due to polysynaptic

connections.

In summary, we assume that other investigations of synchronized γ-oscillations, reporting

a decrease in coupling strength with increasing cortical distance, may also have recorded

parts of waves traveling with various speeds in random directions. In particular, the ef-

fect of decrease in coupling strength can be explained by phase variance increasing with

distance. Because all previous distance dependent coupling measures were based on pair-

wise phase-averaging analysis methods (e. g. cross-correlation, coherence). If the analyzed
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signals are traveling waves, the results of these methods suggest (erroneously) that the

coupling fades down to noise levels within few millimeters in cortex (cf. Chapter 2).

3.4.3 Range of γ-coupling in visual coordinates is independent

of foveal eccentricity

Assuming that the coupling range of coherence corresponds to the range of monosynap-

tic mutual connections in V1, it is remarkable that the coupling range of γ-coherence in

cortical coordinates decreases with increasing foveal eccentricity. The decrease is directly

proportional to the decrease of the cortical magnification factor (CMF) with increasing

eccentricity, i. e. the gradient of distance dependent γ-coherence remains constant in vi-

sual-angle coordinates (Fig. 3.9B). The gradient of γ-wave coupling shows the same prop-

erty (Fig. 3.9A). The recordings at different eccentricities were derived from different mon-

keys but the CMFs are highly reliably calculated from the distance between each pair of

cRF centers (cf. RF-cinematogram method; Section 3.2.1) and in addition, are representa-

tive at these eccentricities (Dow et al., 1981). A direct comparison with anatomical data is

not yet possible because current anatomical data on monosynaptic connection ranges in V1

(shrew: Bosking et al., 1997, 2002; cat: Ts’o et al., 1986; Schmidt et al., 1997; monkey: Sin-

cich and Blasdel, 2001; Angelucci et al., 2002; Stettler et al., 2002) reveal no systematical

dependency between eccentricity and monosynaptic connection range, to our knowledge.

In addition, it is still unclear whether the range of local γ-synchronization is only medi-

ated by horizontal connections or more influenced by feedback connections—inhibitory,

excitatory or modulatory connections cannot be distinguished here from each other—from

higher cortical areas, because the feed-forward and feedback connections between areas V1

and V2 have conduction velocities around 3.5 m/s (Girard et al., 2001). This is about 10

times faster than the lateral conduction velocities in V1 (Grinvald et al., 1994; Slovin et al.,

2002). However, anatomical data show that while the connections within V1 link neurons

with similar orientation preference in V1, visual area 2 (V2) to V1 feedback connections

display no such specificity (Stettler et al., 2002). Since a strong excitatory feedback from

V2 to V1 would result in a common synchronized activity of neurons in V1 with any ori-

entation preference, direct facilitatory or indirect inhibitory feedback from V2 to V1 are

probably the most prominent coupling mechanism. This view is further supported by the

findings of Frien and Eckhorn (2000) who demonstrated that γ-coherence of MUA in V1

depends highly on the similarity of the preferred orientation at different locations.
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3.4.4 Coupling of traveling γ-waves depends on similarity in pre-

ferred orientations of simultaneously activated neurons

As mentioned above, γ-coherence of MUA for a given distance is the higher the more

similar the preferred orientations of two recording positions are, provided that the stimu-

lus consists of a single orientation (oriented sinusoidal grating; Frien and Eckhorn, 2000).

We suggested that the MUA coherence just reflects the monosynaptic strengths of the

nearby functional connectivity in the striate cortex, because the strengths are larger for

neurons with similar RF properties compared to neurons of different RF properties (e. g.

Ts’o et al., 1986; Schmidt et al., 1997; Angelucci et al., 2002; Stettler et al., 2002). In

contrast, γ-coherence of LFP reveals no significant dependence of locally preferred orien-

tation. We argued then that this is due to the weak orientation preferences of LFP for the

optimal orientation, while the OT of MUA shows sharp preferences at different recording

positions. However, the LFP γ-wave coupling calculated by the STC-analysis is highly de-

pendent on the iso-orientation degree of simultaneously activated neural representations

at all recording positions (cf. Fig. 3.11). The coupling ranges of γ-wave OT (> 7.5 mm cor-

tical distance) outreach significantly the ranges of monosynaptic connections (≈ 3–5 mm

cortical distance). Thus, the weak local orientation preferences of LFP are not responsi-

ble for the lacking feature specificity of LFP coherence. On the contrary, the coherence

method is apparently unsuitable for measuring the long-range coupling mechanisms here

observed (cf. Chapter 2).

In summary, our findings indicate that the coupling of γ-waves among recording sites

with large distances reflect the long-range functional connectivity of neurons coding local

features of the object surface (here: similar orientation). In other words, the γ-waves

travel apparently within neuronal representations of local stimulus properties. However,

our stimuli only consist of local features with similar orientation. Future investigations

should therefore include other stimuli with more complex surfaces (e. g. in zig-zag fashion)

to clarify if, under these conditions, the traveling γ-waves can also reflect dynamic coupling

structures in V1 considering the Gestalt laws of perceptual binding.

3.4.5 Phase continuity of traveling γ-waves is discontinued across

figure-ground contours

In the figure-ground experiment, representations of different scene segments in V1 exhibit

weak γ-wave coupling (Fig. 3.12), while within the representation of the same segments

substantial γ-wave coupling is present. In principle, analogous results are obtained by the
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γ-coherence analysis in a previous work (Gail et al., 2000). However, analyzing the same

data in the across-contour condition with the STC-method (cf. Fig. 3.12A), the maximal

decoupling effect of γ-waves is approximately stronger by a factor two than that of γ-co-

herence. In the along-contour condition, the γ-wave decoupling differs distinctly from the

γ-coherence decoupling. While the γ-coherence decouples weakly, the curve progression of

γ-wave decoupling is quite similar compared to that in the across-contour condition (cf.

Fig. 3.12A+B). However, this is not surprising because the stimulus specific γ-amplitude

density is also decreased at representations of the contour compared to that of the contin-

uous grating. This effect is probably due to destructive superposition at the contour by

volume conduction of the decoupled γ-activity representing the texture surface inside and

outside of the object. Presumably, the γ-activity induced by representations of the contour

itself is not strong enough to emerge from this destructive superposition of the adjacency

and therefore, is not measurable in the LFP signal. Following this assumption, it seems

plausible that both the coherence and the STC-method cannot reveal any constructive

phase coupling among representations along the contour. In addition, the STC-method

is more phase sensitive than the coherence and reveals therefore a higher decoupling in

the along-contour condition. In the within-segment condition neuronal representations

reveal no relevant difference between γ-coherence and γ-wave coupling. The appearance

of the object and its contour reduces the γ-wave coupling only weakly compared to the

situation with no object at all. This demonstrates that the decoupling across the contour

representation is based on the contour’s intersecting character and is not based on its

immediate vicinity alone. Moreover, it strengthens the assumption that the phase conti-

nuity of γ-waves would be able to support the coding of object continuity. Or vice versa,

γ-waves cannot cross the boundaries of a scene segment and, therefore, phase continuity

is discontinued across the segment contour.

3.4.6 Methodical differences and agreements between coherence

and STC-method applied to the figure-ground experiment

In general, the STC-method has a higher temporal resolution than the coherence within

the same frequency band, with the same number of analyzed data points, and a better

stability against signal-to-noise ratio variations. Therefore, it cannot smear out shortly

occurring peaks of high correlation by temporal averaging. In addition, the STC-method

analyzes instantaneously the dynamic phase coupling among all recording sites within a

single trial. In contrast, the coherence reveals only the constant phase coupling, existing

essentially in all trials, between pairs of recording sites. Detailed comparisons between
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classical synchrony detection methods and the STC-method were reported in Chapter 2.

Concerning the figure-ground experiment, the combinations of analyzed recording sites

applied to both methods were not identical. While the STC-method analyzes always all

recording sites, the coherence method analyzes pairs of selectively chosen recording sites

adapted to the current questioning. For example, in the across-contour condition the

strongest decoupling in coherence was obtained by applying the coherence to pairs of

recording sites of different scene segments (Gail et al., 2000). The recording site at the

segment’s contour was omitted and the maximal extent (≤ 4.5 mm) of recording positions

was still within the measurable γ-synchronization range. Therefore, it is not surprising,

that for short distances both methods reveal quite similar characteristics of signal coupling,

because the STC-analysis is an extension of methods specialized in detecting synchronized

neuronal activity. However, their results are still not directly comparable.

3.4.7 Linear versus distorted phase continuity

Present work is focused on linear phase continuity of LFPs, but our γ-LFP data show

that the phase continuity can also be distorted (e. g. S-shaped) within a single trial (cf.

Fig. 3.3+3.6A). This is presumably due to the following reasons. Recent works revealed by

optical recordings that the orientation preference can change transversely across V1 within

few millimeters (e. g. Ts’o et al., 1990; Blasdel, 1992; Swindale et al., 2000). Therefore, si-

multaneous multiple-site measurements of neurons showing similar orientation preferences

across cortical distances within the range of 7 mm are difficult to obtain. Additionally,

the corresponding cRF centers of the neuronal representations in visual coordinates are

not perfectly equidistant for each recording day (e. g. Fig. 3.1). This means that the spa-

tial neuronal representation in V1, especially of feature domains representing the object

surface (e. g. similar orientation preference), was not optimally sampled at all electrode

positions and therefore, the phase continuity of these signals is distorted. In spite of this,

our results show that linear phase continuity of traveling waves is most likely supported for

signals from neurons coding local features of the object surface at equidistant cortical lo-

cations (Fig. 3.11). Finally, we cannot exclude completely the possibility that other forms

of phase continuity contribute to feature binding, but this requires further investigation of

multiple-channel recordings with higher spatial resolution and larger extent to avoid these

distortion effects.
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3.4.8 Local field potentials rather than multiple unit activity

Whereas it is relatively common to analyze also multiple unit activity (MUA), the analysis

presented here focuses exclusively on patterns produced by local field potentials (LFPs).

While MUA is believed to reflect the spiking activity of neurons near the electrode tip, LFP

is believed to reflect the superposition of synchronized dendritic currents, averaged over a

larger volume of tissue (Mitzdorf, 1985). However, traveling waves of γ-activity are com-

posed of sharp negative deflections of LFPs, which are expected under many circumstances

to be highly correlated with MUA. Most synapses (both excitatory and inhibitory) can be

traced to a local network of connections that originates in the nearby cortical neighbor-

hood, leaving only a small minority of inputs from more remote cortical and sub-cortical

structures (Braitenberg and Schüz, 1991; Peters and Sethares, 1991; Latawiec et al., 2000).

Thus, local spiking activity, synaptic activity and dendritic currents should all covary. Al-

though some studies have found that the LFP includes contributions from distant sources

(Mitzdorf, 1985), others have found that it is dominated by the activity of nearby neurons

(Eckhorn et al., 1988; Bressler et al., 1993; Roelfsema et al., 1997; review: Heeger and

Ress, 2002).

In summary, due to the extracellular superposition, MUA and LFP amplitude increase as

synchronization of the contributing neural signals becomes more precise. This means that

MUA and especially LFP recordings are per se sensitive probes for synchronized activity

in the neural populations contributing to the signals. But they are also more sensitive

to coupling among separated neural populations than are single unit spike trains. Even

during fast oscillations, i. e. states of high γ-synchrony within a neural population, single

unit spike activity is only weakly coupled to the group signals (Eckhorn et al., 1988). In

this regard, both MUA and LFP are apparently a sufficient representative of the network

state in V1.

However, the STC-method requires the fulfillment of the sampling theorem in time and

space (cf. Section 2.4.6). With an inter-electrode distance about 500 or 750 µm, LFPs

are just sufficient for correct spatial sampling with an effective radius of about 500 µm

(half-height decline; e. g. Mitzdorf, 1985). But MUA supports only an estimated radius of

about 50 µm (half-height decline; e. g. Legatt et al., 1980; Gray et al., 1995) and hence,

violates strongly the sampling theorem. The signal of MUA is spatially subsampled and

the interpretation of STC results is not reliable anymore.
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3.4.9 Conclusions

Our results allow to examine new coding aspects of object representation in monkey V1.

On the one hand, the relevance of synchrony as a potential binding mechanism for large

object representations is diminished by the fact that the coupling range of γ-synchroniza-

tion is restricted to few millimeters of cortical surface and accordingly, to small regions of

the visual field. On the other hand, phase continuity caused by γ-waves overcomes this

restriction by far. In particular, phase continuity occurs most frequently among cortical

representations coding local features of the object surface and depends strongly on its

continuity. The latter means that phase continuity exists either inside or outside of the

cortical representation of an object, but cannot cross its boundaries. In addition, the

measured velocities of traveling γ-waves suggest that the presented coupling effects may

be generated by the properties of the lateral network in V1. Based on these results, we

propose that phase continuity of γ-waves may constitute a mechanism that supports the

coding of object continuity in visual cortex.



Chapter 4

Concluding Remarks

The two preceding chapters of this thesis represent an independent investigation. Chap-

ter 2 deals with a theoretical investigation and development of a new multi-channel cor-

relation method for traveling wave detection in neural signals, called spatio-temporal

correlation (STC). Chapter 3 represents an investigation of experimental data by means of

the STC-method. Detailed discussion of the results can be found in the respective chapters.

Therefore this chapter will focus on more general aspects. It will give a short summary

of each investigation, show relations between results given in the different chapters, and

make proposals for future work.

4.1 Contributions

In recent years, synchronized neuronal activity has gained high interest as a potential

indicator for feature binding in cortical information processing. Former investigations

used mostly conventional pairwise correlation methods to find evidence for the functional

role of synchronization. Besides these reports, many reports have also described traveling

wave phenomena in stimulus activated neural structures, but there is hardly any attention

paid to them with respect to feature binding. This dissertation has presented new results

on the latter topic with the following major contributions:

1. It was shown that conventional methods, focusing on the detection of synchrony

or constant phase relation, failed to uncover phase couplings of waves that vary

their propagation direction over time. Presumably, other mechanisms for feature

binding were overlooked accidentally. This may be the reason why stimulus-induced

traveling wave phenomena were barely reported in studies on visual cortices of cats

or monkeys.
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2. Motivated by this fact, a new single-trial analysis method was developed, also called

STC-method, which is capable of detecting and quantifying traveling waves. The

reliability and significance of the STC-method was compared to conventional pair-

wise correlation methods using artificial and experimental data. The STC-method

revealed a high accuracy of traveling wave detection and is a generalization of meth-

ods specialized in detecting synchronized oscillations. In principle, synchronized

oscillations correspond to standing waves, which can be formulated as a special case

of traveling waves.

3. By means of the STC-method it was demonstrated that traveling waves in the γ-fre-

quency band of local field potentials (LFPs) are a frequent phenomenon in monkey

primary visual cortex (V1). They show strong stimulus-dependency, and their ve-

locities were similar to the spike velocities of horizontal connections measured in V1.

The latter suggests that the measured coupling effects expressed by traveling waves

may be generated by the properties of the lateral network in V1.

4. In particular, it was shown that γ-waves were most likely carried by neurons repre-

senting local features of the object surface, and that their coupling range exceeded

the coupling range of γ-synchronization by far. It was demonstrated that γ-syn-

chrony in V1 is a local phenomenon of more global traveling waves. Moreover, the

coupling dynamics of traveling waves depended strongly on the continuity of the

object surface. The phase continuity of the γ-waves was discontinued across the

object contour and, therefore, the γ-waves did not cross the boundaries of an object.

These facts indicate seriously the potential contribution of traveling waves to feature

binding and provide new insights into surface coding of objects in visual cortex.

4.2 Possibilities for future research

4.2.1 Enhanced analysis methods

The visualization of multi-electrode and optical imaging recordings revealed traveling

waves of neuronal activity in numerous investigations. These findings forced us to revise

previous experiments of our laboratory which were primarily focused on synchronization

of γ-LFPs in monkey V1. For this, the newly developed STC-method was used, which

allows for the analysis of both synchronization and traveling waves of neuronal activity.

By this means it was possible to clarify the apparent contradiction between the finding

of spatial restriction of γ-synchronization on the one hand, and the coupling processes
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theoretically proposed by the binding-by-synchronization hypothesis on the other hand.

However, the STC-method is specialized in plane traveling wave detection. The analysis

of traveling waves with complex shapes (e. g. rotating waves; Prechtl et al., 1997) becomes

difficult because the extent of the wave and the extent of the spatial analysis window is

strongly interdependent. For instance, concentrically expanding waves, which are entirely

covered by the STC-analysis window, cannot be successfully analyzed because the sum of

local propagations does not result in a global propagation of neuronal activity. Thus, the

result of the analysis would tempt us to suppose that the measured signals are statistically

independent, although the underlying signals are highly correlated. A feasible approach

to overcome this problem would be the fragmentation of the spatial analysis window in

small sub analysis windows. The complex propagation pattern of the waves would be

decomposed in parts of linear propagation and, as a result, would be quantifiable for the

STC-method. The latter procedure was not required in this work because the percentage

of plane traveling waves in the analyzed neuronal signals was highly visible. Apart from

plane waves, however, simulations with neuronal networks predict a large variety of wave

patterns in V1 such as rotating spirals and expanding rings (e. g. Fohlmeister et al., 1995;

Ermentrout, 1998; Horn and Opher, 1997; Kistler et al., 1998). Future investigations will

definitely cover larger regions of the visual cortex than those presented in this work and,

presumably, will be confronted with complex wave patterns as mentioned above. It is of

interest to show if the STC-method satisfies this challenge or if it is necessary to develop

a more sophisticated method, which has the ability to classify traveling waves of complex

shape.

4.2.2 Synergy of theoretical and experimental investigations

The experimental findings of traveling waves are accompanied by theoretical studies uncov-

ering the underlying neural mechanisms (Kuramato, 1984; Crook et al., 1997; Ermentrout,

1998; Bressloff, 1999; Kistler, 2000; Ermentrout and Kleinfeld, 2001). In general, excitable

media with spatially restricted connectivity can generate stable waves (Kuramato, 1984).

The propagation velocity and stability of these waves naturally depend on the signal trans-

mission velocities as well as the axonal projection ranges (Crook et al., 1997; Ermentrout,

1998). Such analytical investigations can support the understanding of the traveling wave

phenomena. However, necessary simplifications in network architecture and restrictions to

special dynamic states in these publications make a direct comparison with experimental

data difficult.
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In order to achieve such comparability, computer-based neuronal network simulations ac-

company part of this work in close co-operation (Saam and Eckhorn, 2000; Eckhorn et al.,

2001, 2004). The network models take into account the biological constraints of monkey

V1, including retinotopy, interaction of neurons coding different features (e. g. orienta-

tion preference), development of horizontal connections using Hebbian learning (Kempter

et al., 1999) and finite conduction velocities. In particular, using finite conduction ve-

locities and spatially restricted connections can explain the restricted spatial range of

γ-synchrony and the occurrence of traveling γ-waves. The models reveal that the synchro-

nization range is mainly determined by the connection profile for each neuron, and hence

confirm the experimental results that the coupling range of γ-coherence is similar to the

range of monosynaptic mutual connections in V1 (cf. Section 3.4.3). They show that the

occurrence of traveling waves in the model depends on locally restricted inhibition, lateral

conduction velocities and steep spatial decline of coupling strength. These results confirm

the assumption that the experimentally observed traveling wave phenomena, in current

work, are characteristic of the lateral network in V1.

As much as experimental and theoretical results complement one another, they cannot

answer the question of how higher cortical areas can benefit from incoming signals like

traveling waves with regard to feature binding or object coding. The measured charac-

teristics of γ-waves in the figure-ground experiment (cf. Section 3.4.5) appear promising

to support the coding of object continuity, but the further processing of γ-waves is quite

unclear. However, it seems plausible that waves of γ-activity in V1 are accompanied by

quasi-synchronous activity of those visual area 2 (V2) neurons having corresponding re-

ceptive field (RF) positions (Eckhorn et al., 1988; Eckhorn, 1994; Frien et al., 1994), i. e.

those receiving input from, and sending feedback to, corresponding V1 neurons. The con-

nections between V1 and V2 are known to be sufficiently fast in comparison to a half cycle

of a γ-wave (Nowak and Bullier, 1997; Girard et al., 2001). Thus, adjacent V2 neurons

will also form a traveling γ-wave of similar characteristics (e. g. extent, velocity and direc-

tion in visual space coordinates). In general, such behavior could primarily be expected

among neurons with overlapping RF positions across cortical levels connected via fast feed

forward and feedback loops (Nowak and Bullier, 1997; Girard et al., 2001). This assump-

tion is supported by investigations of V1, V2 and visual area 4 (V4). They demonstrated

that, during visual stimulation with a drifting grating, the intrinsic neural signals were

synchronized over all of the three cortical areas (Liu et al., 2003). Both the observed

phase continuity within object representations and the phase discontinuity across object

contour representations of traveling γ-waves in V1 (cf. Section 3.4.5) would be preserved

and occur simultaneously in several cortical areas. Therefore, traveling waves of γ-activity
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could code the continuity across the entire representation of an object at all participating

areas. However, evidence for such a view could not yet be supplied to our knowledge,

neither experimentally nor theoretically, and requires future investigations.





Supplementary material

The accompanying SVCD delivers three movies (MPEG2-format) with animations of arti-

ficial and real local field potential (LFP) data while the data are analyzed simultaneously

with the spatio-temporal correlation (STC) method. To view these movies, use a standard

DVD-player hardware or a PC with an appropriately installed DVD-player software (e. g.

OS Windows: winDVD, powerDVD; OS Linux: gmplayer, vlc).

Movie 4.1: Time resolved animation of artificially generated traveling waves, plots of
spatio-temporal correlations and their regression fits. A: Single time course of artificially
generated traveling waves appearing at different internal phase relations (color coded am-
plitudes; first occurrence of traveling waves at 0 ms; cf. Section 2.3.1). The example is
comparable with spatial one-dimensional LFP recordings. The superimposed rectangle
with solid lines denotes the initial analyzing window of the STC; the rectangle with dotted
lines denotes the area analyzed by each STC. The superimposed dashed line shows the
STC-strength computed from the data within the analyzing window as a function of time.
B: STCs currently computed from the artificial data within the analyzing window in A.
C: Regression fit of STC in B with the STC function of an ideal plane wave (Eq. 2.14).

Movie 4.2: Time resolved animation of one-dimensional LFP data recorded from monkey
striate cortex, plots of spatio-temporal correlations and their regression fits. A: LFP
recorded simultaneously with a linearly arranged µ-electrode array (15 electrodes, 500 µm
pitch) in monkey V1 (color coded amplitudes; stimulus on set at 0 ms; cf. Section 3.3.1).
The superimposed rectangle with solid lines denotes the initial analyzing window of the
STC, the rectangle with dotted lines denotes the area analyzed by each STC. The super-
imposed dashed line shows the STC-strength computed from the data within the analyzing
window as a function of time. B: STCs currently computed from the LFP data within the
analyzing window in A. C: Regression fit of STC in B with the STC function of an ideal
plane wave (Eq. 2.14).

Movie 4.3: Time resolved animation of two-dimensional channel recording from monkey
striate cortex analyzed with the STC. Single trial of band-pass filtered LFPs (30–90 Hz)
recorded simultaneously with a 4× 4 µ-electrode array (500 µm pitch) from layers 2/3 in
V1 (stimulus on set at 0 ms; color coded amplitudes). The arrows denote the successful
detection of a traveling plane wave by the STC-method at each electrode position xij.
The arrow length reflects the reciprocal velocity and the arrow direction the propagation
direction of the wave (cf. Section 3.3.1).





Appendix

The spatio-temporal convolution in Eq. 2.2 is denoted by

C(ξ, τ) = f(−ξ,−τ) ∗(x ,t) f(ξ, τ) = f(−(τ − ξ

c
)) ∗(x ,t) f(τ − ξ

c
). (A.1)

Combining the convolution theorem with the delta function δ in Eq. 2.1 leads to

f(x , t) = f(t− x

c
) = [−δ(x)f(t)] ∗(x’,t’) δ(t− x

c
). (A.2)

Substituting Eq. A.2 into Eq. A.1, the expression C(ξ, τ) becomes

C(ξ, τ) = [[−δ(−ξ)f(−τ)] ∗(x ,t) δ(−(τ − ξ

c
))]

∗(x ,t) [[−δ(ξ)f(τ)] ∗(x ,t) δ(τ − ξ

c
)].

(A.3)

With commutation of the convolution terms follows

C(ξ, τ) = [[δ(−ξ)f(−τ)] ∗(x ,t) [δ(ξ)f(τ)]]

∗(x ,t) [δ(−(τ − ξ

c
)) ∗(x ,t) δ(τ − ξ

c
)]

= A(ξ, τ) ∗(x ,t) D(ξ, τ).

(A.4)

Solving the left part A(ξ, τ) of Eq. A.4 yields

A(ξ, τ) = [δ(−ξ)f(−τ)] ∗(x ,t) [δ(ξ)f(τ)]

=

∫ ∫
δ(−x)f(−t)δ(ξ − x)f(τ − t)dtdx

= [

∫
f(−t)f(τ − t)dt ][

∫
δ(−x)δ(ξ − x)dx ]

= [

∫
f(−t)f(τ − t)dt ] δ(ξ)

= [f(−τ) ∗(t) f(τ)] δ(ξ)

= ACCf (τ) δ(ξ),

(A.5)
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where ACCf (τ) is the one-dimensional autocorrelation of f

ACCf (τ) = f(−τ) ∗(t) f(τ) with ACCf (τ) = ACCf (−τ). (A.6)

Solving the right part D(ξ, τ) of Eq. A.4 yields

D(ξ, τ) = [δ(−(τ − ξ

c
)) ∗(x ,t) δ(τ − ξ

c
)]

=

∫ ∫
δ(t− x

c
)δ(t− τ − x− ξ

c
)dtdx

=

∫
δ(−τ +

ξ

c
)dx = δ(−(τ − ξ

c
))

∫
dx .

(A.7)

Insertion of Eq. A.6 and Eq. A.7 into Eq. A.4 yields

C(ξ, τ) = [ACCf (τ) δ(−ξ)] ∗(x ,t) [δ(−(τ − ξ

c
))

∫
dx ]

= [

∫ ∫
ACCf (t) δ(−x) δ(t− τ − x− ξ

c
)dtdx ]

∫
dx

= [

∫
ACCf (t)

∫
δ(−x) δ(τ − t− x− ξ

c
)dxdt ]

∫
dx

= [

∫
ACCf (t) δ(τ − t− ξ

c
)dt ]

∫
dx

= [

∫
ACCf (t) δ(t− (τ − ξ

c
))dt ]

∫
dx

= [ACCf (τ) ∗(t) δ(τ − ξ

c
)]

∫
dx

= ACCf (τ −
ξ

c
)

∫
dx .

(A.8)
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Abbreviations

µ-electrode micro-electrode

CMF cortical magnification factor

cRF classical receptive field

IT inferior temporal cortex

LFP local field potential

LGN lateral geniculate nucleus

MT/MST mediotemporal cortex

MUA multiple unit activity

OI orientation index

OIisoref referential iso-orientation index

OIisogen general iso-orientation index

OT orientation tuning

OV orientation vector

RF receptive field

RMS root mean square

SD standard deviation

SNR signal-to-noise ratio

STC spatio-temporal correlation

SUA single unit activity

V1 primary visual cortex

V2 visual area 2

V4 visual area 4





Glossary

Action potential Fast, transient, impulse-like (≈1 ms; ≈100 mV) electrical membrane

depolarisation actively generated in an all-or-nothing manner and transmitted along

the axon of a neuron.

Coherence Linear, spectral selective coupling measure for pairwise signals, here exclu-

sively used for time series (for a formal definition cf. Section 2.2.2). At each frequency

coherence is independently normalized, and is sensitive to covariations of amplitude

densities and constancy of relative phase at this frequency.

Cortical magnification factor, CMF The cortical magnification factor was defined by

Daniel and Whitteridge (1961) to be the distance in cortex (in millimeters) devoted

to representing a step of 1◦ in visual space.

Cross-correlation A measure of the similarity for pairwise signals, here exclusively used

for time series (for a formal definition cf. Section 2.2.2), computed by the sum of the

cross products between the two data sets at different lags (it is a function of the lag).

Figure-ground segregation Segregation of a visual pattern into an object (figure) seen

in front of a background; the background is assumed to extend behind the object.

Local field potential, LFP Local superposition of slow somato-dendritic potentials of a

group of neurons. Captured by extracellular micro-electrode recordings after low-pass

filtering (1–140 Hz; 18 dB/oct). Estimated radius of support: ≈500 µm (half-height

decline; e. g. Mitzdorf, 1985).

Multiple unit activity, MUA Local action potential (spike) density of a group of neu-

rons. Captured by extracellular micro-electrode recordings after band-pass filter-

ing (1–10 kHz; 18 dB/oct), full-wave rectification, and subsequent low-pass filtering

(140 Hz; 18 dB/oct). Estimated radius of support: ≈50 µm (half-height decline; e. g.

Legatt et al., 1980; Gray et al., 1995).

Neuron Main cell type in the nervous system (≈1011 [105/mm3] in the human brain);

comprising several classes, e. g. pyramidal cells, basket cells, stellar cells, etc. A
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typical central neuron consists of three main parts: dendrites, soma, and axon. Den-

drites form an often wide-spread arborized, receptive region of a neuron integrating

synaptic inputs (of typically ≈103–104 synapses in a central neuron). Soma refers

to the cell body, comprising metabolistic structures and a specialized spike-encoding

region. The axon is the long-tailed, action potential carrying output structure of

a neuron, starting from a specialized spike-encoding region of the soma, eventually

diverging into many collateral regions, and terminating in presynaptical endings at

other neurons dendrites, somata, or axons (or effectors outside the central nervous

system).

Primary visual cortex, V1 First cortical area to receive input via the main visual

sensory pathway. In primates identical to the anatomical-histological definition of

Brodman area 17.

Receptive field, visual The classical receptive field (cRF) concept refers to the spatial

area of photoreceptors in the retina activating a certain neuron when elicited. The

term is synonymously used for the corresponding area of the visual field, and is mostly

defined as a minimum response field (Barlow, 1972) determined with a small test

stimulus. Receptive fields are typically characterized by extra stimulus specificities,

e. g. for color, orientation of local contrast borders, direction of motion, etc. The

receptive field concept can also be extended by its dynamic properties, or by the

definition of additional regions of modulatory influence coming into play only if a

neuron is simultaneously activated via stimulation in the classical receptive field.

Secondary visual cortex, V2 Second cortical area to receive neuronal input from pri-

mary visual cortex.

Single unit activity, SUA Action potential (spike) output of a single neuron.

Somato dendritic potentials Postsynaptic, graded, de- or hyper-polarizing membrane

potential changes at the dendrites or soma of a neuron; slow potentials compared

to axonal action potentials due to longer time constants of the somato dendritic

membrane (typically by a factor of ≈10–100).

Spike cf. action potential.

Striate cortex cf. primary visual cortex.

Synapse Connecting structure between neurons mediating electrical or chemical signal

transmission (≈1014 [108/mm3] chemical synapses in the human brain).
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