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During the course of information processing, a visual system extracts characteristic information of the
visual image and integrates the spatial and temporal visual information simultaneously. In this study,
we investigate the integration effect of neurons in the primary visual cortex (V1 area) under the grating
stimulation. First, an information integration model was established based on the receptive field proper-
ties of the extracted features of the visual images features, the interaction between neurons and the non-
linear integration of those neurons. Then the neuropsychological experiments were designed both to
provide parameters for the model and to verify its effect. The experimental results with factual visual
image were largely consistent with the model’s forecast output. This demonstrates that our model can
truly reflect the integration effect of the primary visual system when being subjected to grating stimula-
tions with different orientations. Our results indicate the primary visual system integrates the visual
information in the following manner: it first extracts visual information through different types of recep-
tive field, and then its neurons interact with each other in a non-linear manner, finally the neurons fire
spikes recorded as responses to the visual stimulus.

© 2011 Elsevier Inc. All rights reserved.

1. Introduction

The visual system plays an important role in the perception of
the natural environment for animals. The information contained
in the outside image is accepted by the retina first and then is
transferred through the lateral geniculate nucleus (LGN) before
arriving at the visual cortex. This is a process of both feature
extraction and spatiotemporal integration [1,2]. The information
is indicated by different kinds of spiking patterns of neurons in
the primary visual cortex. These patterns are the results of the fea-
ture extraction made on the natural image integrated with the
interaction between neurons. Building a model to describe the
integration process of the primary visual system is of great signif-
icance to help understand the information transmission process of
the visual system as well as its manner to perceive the natural
image.

Since Hubel and Weisel found the receptive field property of a
simple cell in the primary visual cortex in the 1960s [3,4], many
researchers began to study and model the characteristics of visual
mechanisms. With respect to the research on integration mecha-
nisms, the work by Hubel and Weisel, Jin et al., and Chen proved
that an important way for visual system to deal with natural image
is to eliminate redundancy and extract salience through receptive
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field of different levels [3-6]. Vinje and Tolhurst’s research indi-
cated that integration resulted in the sparse property of V1 [7,8].
Yao et al. found some neurons in cats’ V1 integrate a large scale
complex image through stimulating the area outside the neuron’s
receptive field [9]. Hirsch discovered that the complex cell inte-
grated the output information of simple cells [10]. On horizontal
information integration, Smith et al. and Wang et al. proved that
adjacent neurons transmitted information to each other through
horizontal connections [11,12]. Berger et al. analyzed spiking activ-
ities in cats’ V1 under stimulus of different luminance using meth-
ods of graph theory. They found that the whole set of correlated
multi-unit activity (MUA) is decomposed into a small number of
groups of MUAs which have a high degree of overlap of mutually
correlated pairs and the spatial scale of this correlation map is in
agreement with the scale of orientation tuning maps set up by
imaging [13]. Gray et al. calculated the correlation between re-
corded neurons and found the oscillatory responses in synchrony
for cells, which indicates that synchronized oscillation is one of
the ways the neurons interacted with each other through horizon-
tal connections [14]. Sharpee et al. demonstrated that the filters
computed by directly taking nonlinearity into account have better
predictive ability and depend less on the stimulus than those com-
puted under the linear model [15,16]. Victor investigated receptive
field properties of single neurons with localized two-dimensional
stimuli, the two-dimensional Hermite functions, which implies
the presence of nonlinearities that are not local in either space or
spatial frequency [17]. The above research on integration indicates
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that V1 integrates information in both latitudinal and horizontal
way and in a nonlinear way.

On the basis of the proposed mechanisms of visual information
integration, the first step many researchers took was to establish a
model to simulate this integration process. Among these integra-
tion models, based on the neuronal response property, Field pro-
posed a sparse coding model simulated the receptive field of the
simple cell in the primary visual cortex [18]. Hyvarinen introduced
the Independent Component Analysis method [19], Independent
Subspace Analysis [20], and Topology Independent Component
Analysis [21] to simulate the receptive field of the simple cell,
the complex cell and the topological relation among the neurons,
respectively. Also based on the receptive field property, Yang con-
structed a computation model to perceive content and direction of
the natural images [22]. Eckhom set up a link model about the
spiking activity according to the synchropulse phenomenon in
the cat visual cortex. The model demonstrates that the visual sys-
tem integrates the natural image information in a synchronized
oscillatory manner [23]. The neurons in the primary visual cortex
integrate visual information in a non-linear way. Dan constructed
a neuronal network of two layers, which can transform the spatio-
temporal visual information to the time-varying activities [24].
Based on the characteristics of the receptive field and the nonlin-
earity of the neuronal response, Paninski introduced a stochastic
Integrate-and-Fire neural encoding model, which can predict neu-
rons’ responses [25]. Based on Paninski’s work, Butts worked out a
neural interaction model, which reveals the mechanism of the pri-
mary visual system [26]. Those models were constructed either
based on receptive field property or the mechanism of synchroni-
zation. As a result, they could not effectually represent the whole
property of V1, which integrates the visual information by combin-
ing several mechanisms together.

To address the deficiency of the above models, here we report a
model to describe the information integration process of the neu-
rons in V1 synthetically utilizing the theories of receptive field,
synchropulse and the nonlinearity. The validity of our model is
demonstrated by the experimental data recorded in rat V1 under
the grating stimulus. Our model is based on the characteristics of
the receptive field, interaction among the neurons and nonlinear
property of the V1 neurons. The neurophysiological experiments
were designed to get some parameters for the model and to further
check the model. The results indicate that the integration model
can predict the response of the neurons in V1 under the simulation
of gratings with different orientations which suggests that when
information is being processed, the neural response is the result
of many neurons’ interacting with each other and integrating the
visual information in a nonlinear way.

2. Material and methods
2.1. Building the visual information integration model

There is a projective area on the retina for most neurons in V1,
which is called receptive field. The receptive field is considered as
the special visual stimulus pattern that can evoke the maximum
neural response [3]. The neurons in V1 process the image features
in a synchronous and non-linear way after the visual information
arrives at V1, and as a result of the neural interaction, the visual
cortex shows different kinds of neural firing pattern [27,28].

Based on the information processing principle above, a visual
information integration model is built and shown in Fig. 1.

The integration model built in this paper is composed of three
parts: Part 1, the preliminary integration; Part 2, the synchronous
integration among adjacent neurons; Part 3, the nonlinear global
integration among neurons.

2.1.1. Part 1 preliminary integration

This part simulates the neuronal receptive field to extract image
features. It is built by applying the method of sparse coding. When
the visual information is transmitted through visual system, the
receptive field can be considered as a spatiotemporal filter. As a re-
sult, the neuronal response in V1 can be obtained by convoluting
the receptive field and the visual image, that is
A=RFxX (1)
where A represents the response of neurons with sparse features, RF
denotes the neuronal receptive filed, and X represents the visual im-
age. First the visual image is decentralized and whitened before
obtaining the receptive field [29], and then an objective function
is defined to measure the sparseness of the response A. Generally,
negentropy is used as a criterion to measure the sparseness [19].
It is defined as follows:

2
](y) ~ {E[G(ygauss” - E[G(y)]} (2)
where ygauss has the same variance as y and both satisfy the Gauss-
ian distribution. G is a non-quadratic function. In this paper,

G(u) = % log cosh(au) (3)

The construction of the receptive field can be treated as an opti-
mization process. In other words, the objective is to find a transi-
tion matrix RF to make negative entropy J(A) the largest, where
A = RF x X. The gradient method is applied to compute RF, as in
s

n
where X represents the training samples after pretreatment. RF,, and
RF,.; are transition matrixes attained at n and n + 1, respectively. 1
is the learning rate. Then the transition matrix is normalized as
follows:

RFpi1 = RFy + 1]

RF,

RFy.11 :m (5)

When RFn+1 converges, training is terminated and the recep-
tive field is obtained.

The receptive field of the simple cell can be described by three
parameters [30]: location L, orientation O and frequency F. The
model distance is defined as follows:

D(A;, Aj) = W « N(\/(Lix —Lp)* + (Ly — L )2>
+ W, «N(|0; — 0j) + W3 « N(|F; — Fj|) (6)

where W; is the weight. N(-) is the normalizable function. In order
to select a proper receptive field, the distance is calculated by using
the features of the receptive field of V1 neurons which are obtained
experimentally and the features attained by training .The receptive
field with the shortest distance is chosen.

2.1.2. Part 2 synchronous integration among adjacent neurons

The neighboring neurons integrate visual information in a syn-
chronous way. The process can be simulated with two compo-
nents: the modulation section of nonlinear coupling and the
reception section. The latter part is composed of a linear input
channel and a feedback channel which receive the input informa-
tion from adjacent neurons and the response from direct external
stimuli [23], respectively. The modulation of nonlinear coupling
is established by multiplying the weighted inputs from adjacent
neurons with the external inputs. Synchronous integration of adja-
cent neurons is described in the following way:

Weighted sum of inputs from adjacent neurons :

M-1
Li=>(
i=0

1

M-1
oVy) (7)

=0

(=
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Fig. 1. Visual information integration model.

External input : F;; = A;j 8)

Modulation of nonlinear coupling : Uy = Fi;[n](1 + BLj[n]) 9)

In Eq. (7), Vj; is a sliding sub-window (M = M) of response A. w is the
weight matrix of the response coefficient. In Eq. (8), Aj; is the exter-
nal visual input, corresponding to the center response coefficient in
Vii. In Eq. (9), g is the coupling intensity factor.

2.1.3. Part 3 the nonlinear global integration among neurons

The neurons in V1 integrate visual information through connec-
tions between different kinds of synapses. The global integration
among neurons was established using Backpropagation neural net-
work (BPNN), which is generally composed of three layers, namely
the input layer, output layer and hidden layer. The output of the
modulation of nonlinear coupling is treated as the input to the
BPNN and the firing rate of different channels is chosen as the out-
put of the network. The neural inspiring function is ‘sigmoid’ and
the BPNN is trained by error-reverse-transmitting algorithm.

2.2. Neurophysiological experiments

The experiments were designed both to determine the parame-
ters of the established model and to prove the model’s validity. The
sinusoidal drifting grating with different orientations (in step of
30°, spatial frequency, 0.2 cycles/°) was chosen as visual stimulus.
The data were obtained through microelectrode array (MEA) im-
planted in Long Evans rat’s V1 and recorded through cerebus
128-channel acquisition system (provided by Blackrock Company).

Offline analysis was performed using Matlab’s programmes. The
single unit activity was obtained using band-pass filtering between
0.25 and 7.5 kHz, threshold detecting and spike sorting in prepro-
cessing. Then the spiking activity was further analyzed as follows:

2.2.1. Examining the orientation selectivity of each unit

The average firing rate under each orientation was computed
and the orientation tuning curve of each neuron was drawn. To
determine the preference intensity, an index was defined as OR-
I=(Rpref-Rorg)/(Rpref + Rorg), in Which Rper was the average firing rate
to the optimal orientation and org = pref+ m/2. Only those with
ORI > 0.7 were considered to be orientation-selective and the opti-
mal orientation was recorded simultaneously.

2.2.2. Measuring the synchronization between each pair of neurons

Cross-covariance is used to describe the relationship between
two neurons. A large value of cross-covariance means there is a
close connection between the spike trains of the two neurons,
which also implies there is a certain relationship between the
two neurons. Otherwise, they are independent and there is no
interaction between them.

The cross-covariance between every two neurons is calculated
as follows:

i=0

N~|m|-1 <X(nT) - Ni&-(T))

covxy(mT) =
”Z: x(Y[(n+m)T] -5 > Yi(T)
covyx(—mT)
(10)
where T is the time period, which can be calculated by Pre-stimulus
Time Histogram (PSTH). X(nT) is the firing rate of neuron X at time
nT. Y(n +m)T is the firing rate of neuron Y at time (n + m)T. The de-
gree of connection between X and Y is described by covxy (mT) after
mT delay.The covariance coefficient between any two neurons with
m = 0 was calculated to determine the connection extent of the neu-
rons in the paper. After all model neurons are selected and cross-
covariance matrix between each two of them was calculated sepa-
rately, the parameter w in the second part of the model was con-

structed in following way,

PT1T1 T PT1Tn

w=| i (11)
Prnrl e Prnrn

where P;,,, is the cross-covariance of neuron r; and neuron r,.

3. Results
3.1. The obtained parameters

(1) Orientation tuning curve

We recorded a total of 120 neurons from 10 rats. For each neu-
ron the orientation tuning curve was drawn and the preference
intensity was calculated according to the method referred to in
Section 2.2.
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(2) The constructed receptive field

Thirteen natural images (512 x 256 pixels) were selected from
http://www.cis.hut.fi/projects/ica/data/images to construct the
receptive field. From each image we randomly sampled 5000 im-
age blocks (16 x 16 pixels) to construct the receptive fields (shown
in Fig. 2), each image block represents a basic function (BF) shown
in Fig. 2 by applying the method referred to in 2.1(1). The results
indicate that the features of the BFs are consistent with that of
the neuronal receptive field. In this article, the grating was chosen
as the stimulus in the experiments. Only the orientation of the
images was changed while all other parameters were set at opti-
mal values. As a result, the orientation is considered as the primary
feature when selecting the receptive field for Part 1. The method of
receptive field selection is described as follows. First, each gray im-
age was transformed into binary image by using Otsu’s method.
Then for each image the shape of the excited area was fit by using
the ellipse with the same second order statistic quantity as the ex-
cited area. Finally the angle of the long and short axes of the fitting
ellipse is computed as the orientation of the BF. The BFs and the se-
lected receptive field are shown in Fig. 2.

Each image block in Fig. 2 represents the receptive field of a sin-
gle neuron. The marked ones are the receptive fields selected from
the experiment. These receptive fields supplied the parameters in
Part 1 of the model, which extracted the features of the image.

3.2. The predicted result

The model built in this paper was tested through the compari-
son of the orientation tuning curves obtained from the neurophysi-
ological experiments with the firing rate predicted by the model
under the same stimulation of grating (16 * 16) having different
orientations. The result for one of the recorded neurons is shown
in Fig. 3.

The blue dashed line in Fig. 3 is the result predicted by the mod-
el and the red solid line is the result obtained from the experi-
ments. It can be concluded that the response predicted by the
model is consistent with the recorded data under different grating
stimulations. Furthermore, we separately compared the response
of all recorded neurons with the predicted ones. Those results
are shown in Table 1.

Nine experiments were performed by using the method given
above. The matching frequency is shown in Fig. 4.

It can be seen from Fig. 4 that the responses predicted by the
model are largely consistent with those recorded in experiments
for most neurons. In other words, the model reflected the mecha-
nism of information integration of the rat’s primary visual cortex
to some extent. From the above comparison, it is concluded that
the visual system processes information in a nonlinear way, and

Fig. 2. Receptive field in the integration model.
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Fig. 3. A neuron’s response to different grating stimulations.

the recorded neuronal response is a result of the interaction be-
tween many adjacent neurons. However, there are still some
inconsistencies, which may be resulted from the noise during the
experiment or due to the influence of flash frequency.

4. Discussion

Based on the neuronal receptive field property in V1, synchrony
among neurons and the nonlinear integration characteristics, we
constructed an integration model of V1 to describe the information
integration mechanism in a global way. This model reflected not
only the preliminary integration made on visual information and
the synchronization between adjacent neurons but also the global
integration in a highly nonlinear manner.

Li et al. pointed out that V1 not only integrated the visual infor-
mation within the receptive field but also would respond to the

Table 1
Orientation selectivity of different neurons.
Channel number Item Experimental result Model result
1 Optimal ori 180 180
ORI 0.82 0.90
2 Optimal ori 300 330
ORI 0.72 0.77
3 Optimal ori 150 60
ORI 0.56 0.20
4 Optimal ori 90 300
ORI 0.45 0.15
5 Optimal ori 0 0
ORI 0.96 0.84
6 Optimal ori 300 300
ORI 0.88 0.85
7 Optimal ori 180 180
ORI 0.63 0.95
8 Optimal ori 270 180
ORI 0.10 0.17
9 Optimal ori 30 30
ORI 0.80 0.78
10 Optimal ori 180 150
ORI 0.27 0.23
11 Optimal ori 300 300
ORI 0.73 1.00
12 Optimal ori 60 60
ORI 0.71 0.77
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Fig. 4. Statistical results of nine experiments.

information beyond the receptive field [31]. The model constructed
in this paper is reasonable considering that the visual system ex-
tracts the visual information through different types of receptive
fields and the neuronal response is the results of interaction of a
large number of neurons in V1, where they integrate visual infor-
mation in nonlinear way. The experimental results show that the
integration model can truly reflect the response characteristics of
neurons in V1 under grating stimulations.

The model was obtained by combining mechanism deduction
with neurophysiological experiments. In the section of mechanism
deduction the model was described mathematically and was of
hierarchy based on neurobiological fact. The neurophysiological
experiments involved obtaining data through vivo-recording both
to provide parameters for the model and to verify its result useful.
The two parts provide mutual supports for each other.

The model results, however, do not completely agree with those
obtained from the experiments. The following factors can contrib-
ute to the discrepancy: (1) The parameters of the integration model
are determined by the responses of the oriented neurons. However,
20% of all recorded neurons are insensitive to orientation [32],
which may affect the results. (2) The number of recorded neurons
is finite and the integration between the neurons is simulated
using these finite number of neurons. It is in fact impossible to esti-
mate how each neuron interacts with adjacent neurons [33,34],
this can also cause deviation.

The integration model is constructed with the data under grat-
ing stimulation and the information integration process is de-
scribed based on the response of finite neurons and the basic
mechanism, which provides a good basis for modeling stimulated
complex images. With respect to the stimulation of complex
images, many more neurons would involve in the integration pro-
cess which would be more complicated and the structure would be
more complex. In addition, the data was recorded with microelec-
trode array of finite number of electrodes. Therefore, it could not
reflect the whole response situation of V1. Some imaging equip-
ment, such as the Functional Magnetic Resonance Imaging and
Optical Imaging [35], would alleviate the limitations of the micro-
electrode array. This will be one of the goals in our future research.
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