000 001 002 003 004 005 006 007 008 009 010 011 012 013 014 015 016 017 018 019 020 021 022 023 024 025 026 027 028 029 030 031 032 033 034 035 036 037 038 039 040 041 042 043 044 045 046 047 048 049 050 051 052 053

On the connections between SIFT and Biological Vision

Anonymous Author(s) Affiliation Address

email

Abstract

The determination of dominant orientation at a given image location is formulated as a decision-theoretic question. This leads to a novel measure for the dominance of a given orientation θ, which is similar to that used by SIFT. It is then shown that the new measure can be computed with a network that implements the sequence of operations of the standard neurophysiological model of V1. The measure can thus be seen as a biologically plausible version of SIFT, and is denoted as bioSIFT. The network units are shown to exhibit trademark properties of V1 neurons, such as cross-orientation suppression, sparseness and independence. The connection between SIFT and biological vision reinforces the importance of contrast normalization in computer vision. We illustrate this by replacing the Gabor units of an HMAX network with the new bioSIFT units. This is shown to lead to significant gains for object recognition, leading to classification performance better than the state-of-the-art for HMAX based architectures and competitive with the best non-biological object recognition systems.

1 Introduction

In the past decade, research in object recognition has firmly established the efficacy of representing images as collections of local representations of edge orientation, usually based on histograms of dominant orientation. Descriptors such as the edge orientation histogram [10], SIFT [17], or HOG [9] have been shown to achieve great success in a number of object detection tasks. SIFT, in particular, could be considered today’s default (low-level) representation for object recognition, adopted by hundreds of computer vision papers. The SIFT descriptor is heavily inspired by known computations of the early visual cortex [17], but has no formal detailed connection to computational neuroscience. Interestingly, a parallel, and equally important but seemingly unrelated, development has taken place in this area in the recent past. After many decades of modeling simple cells as linear filters plus “some” nonlinearity [14], neuroscientists have started to have a firm understanding of their non-linear behaviour. One property that has always appeared essential to the robustness of biological vision is the ability of individual cells to adapt their dynamic range to the strength of the visual stimulus. This adaptation appears as early as in the retina [22], is prevalent throughout the visual cortex [20], and seems responsible for the remarkable ability of the visual system to adapt to lighting variations (unmatched by the most sophisticated cameras). Within the last decade, it has been explained by the implementation of gain control in individual neurons, through the divisive normalization of their responses by those of their neighbors [13, 7]. Again, hundreds of papers have been written on divisive normalization, and its consequences for visual processing. Today, there appears to be little dispute about its role as a component of the standard neurophysiological model of early vision [6].

In this work, we show that these two, apparently disjoint, developments are tightly coupled. The connection is inspired by recent work on the link between the computations of the standard model

054 055 056 057 058 059 060 061 062 063 064 065 066 067 068 069 070 071 072 073 074 075 076 077 078 079 080 081 082 083 084 085 086 087 088 089 090 091 092 093 094 095 096 097 098 099 100 101 102 103 104 105 106 107

and the basic operations of statistical decision theory [11]. We start by formulating the central motivating question for descriptors such as SIFT or HOG, how to represent locally dominant image orientation, as a decision-theoretic problem. An orientation θ is defined as dominant, at a location l of the visual field, if the Gabor response of orientation θ at l, x_θ(l), is both large and distinct from those of other orientations. An optimal statistical test is then derived to determine if x_θ(l) is distinct from the responses of remaining orientations. The core of this test is the posterior probability of orientation of the visual stimulus at l, given x_θ(l). The dominance of orientation θ, within a neighborhood R, is then defined as the expected strength of responses x_θ(l), in R, which are distinct. This is shown to be a sum of the response amplitudes |x_θ (l)| across R, with each location weighted by the posterior probability that it contains stimulus of orienattion θ.

The resulting representation of orientation is similar to that of SIFT, which assigns each point to a dominant orientation and integrates responses over R. The main difference is that a location could contribute to more than one orientation, since the expected strength relies on a soft assignment of locations to orientations, according to their posterior orientation probability. Exploiting known properties of natural image statistics, and the framework of [11], we then show that this measure of orientation dominance can be computed with the sequence of operations of the standard neurophysiological model: simple cells composed of a linear filter, divisive normalization, and a saturating non-linearity, and complex cells that implement spatial pooling. The proposed measure of orientation dominance can then be seen as a biologically plausible version of that used by SIFT, and is denoted by bioSIFT. BioSIFT units are shown to exhibit the trademark properties of V1 neurons: their responses are closely fit by the Naka-Rushton equation [8], and they exhibit an inhibitory behavior, known as cross-orientation supression, which is ubiquitous in V1 [5]. This connection between computer vision and neuroscience provides additional justification to both the success of SIFT in computer vision, and the importance of divisive normaliztion in the brain. It also points to the importance of contrast normalization in vision. While such normalization tends to be justified as a means to increase robustness to variations of ilumination, a hypothesis that we do not dispute, it appears to make a tremendous difference even when such variations do not hold. We illustrate this through object recognition experiments with HMAX networks [21]. It is shown that the simple replacement of non-normalized Gabor filter responses, with the normalized orientation descriptors of bioSIFT, produces very significant gains in recognition accuracy. These gains hold for standard datasets, such as Caltech101, where lighting variations are not a substantial nuisance. The enhanced network outperforms the previous best HMAX results in the literature, and has performance competitive with that of comparable state-of-the-art non-biological recognition architectures.

2 The bioSIFT Features

We start by describing the implementation of the bioSIFT network in detail. We lay out the computations, establish their conformity with the standard neurophysiological model, and analyze the statistical meaning of the computed features.

2.1 Motivation

Various authors have argued that perceptual systems compute optimal decisions tuned to the statisics of natural stimuli [2, 3, 16]. The ubiquity of orientation processing in visual cortex suggests that the estimation of local orientation is important for tasks such as object recognition. This is reinforced by the success, in computer vision, of algorithms based on SIFT or SIFT-like descriptors. While the classical view was that the brain simply performs a linear decomposition into orientation channels, through Gabor filtering, SIFT representations emphasize the estimation of dominant orientation. The latter is a very non-linear operation, involving the comparison of response strength accross orientation channels, and requires inter-channel normalization. In SIFT, this normalization is performed implicitly, by combining the computation of gradients with some post-processing heuristics. More formal estimates of dominant orientation can be obtained by formulating the problem in decision-theoretic terms, and deriving optimal decision rules for its solution. For this, we assume that the visual system infers dominant orientation from a set of visual features x ∈ R^M , which measure stimulus amplitude at each orientation. In this work, we assume these features to be the set of responses X_i = I ∘ G_i to the stimulus I, of a bank of of Gabor filters G_i. Here, G_i is the filter of

108 109 110 111 112 113 114 115 116 117 118 119 120 121 122 123 124 125 126 127 128 129 130 131 132 133 134 135 136 137 138 139 140 141 142 143 144 145 146 147 148 149 150 151 152 153 154 155 156 157 158 159 160 161

(a) (b) (e) (f)

(c) (d) (f) (h)

Figure 1: bioSIFT computations for given orientation θ: (a) an image, (b) response of Gabor filter of orientation θ, (c) posterior probability map for orientation θ, (d) orientation dominance measure for channel θ; (e),(f),(g),(h) the image, Gabor response, posterior probability, and dominance measure of same channel for a contrast-reduced version of the image.

i^{th} orientation, and ∘ convolution. In principle, determining whether there is a dominant orientation requires the joint inspection of all feature channels X_i. Statistically, this implies modeling the joint feature distribution and is intractable for low-level vision.

A more tractable question is whether the i^{th} channel responses, X_i, are distinct from those of the other channels, X_j , j ≠ i. Leting θ denote the channel orientation, i.e. P_{X|θ}(x|i) = P_{Xi} (x), this question can be posed as a classification problem with two hypotheses of label Y ∈ {0, 1}, where

• Y = 1 if the i^{th} channel responses are distinct, i.e. P (X = x, θ = i) ≠ P (X = x, θ ≠ i), • Y = 0 otherwise, i.e. P (X = x, θ = i) = P (X = x, θ ≠ i).

This problem has class-conditional densities P (X = x, θ = i|Y = 1) = P (X = x, θ = i) = P_{X|θ}(x|i)P_θ(i) P (X = x, θ = i|Y = 0) = P (X = x, θ ≠ i) = ∑ j≠i

P_{X|θ}(x|j)P_θ (j)

and the posterior probability of the ’distict’ hypothesis given an observation from channel i is

P (Y = 1|X = x, θ = i) =

P_{X|θ}(x|i)P_θ (i) ∑ j P_{X|θ}(x|j)P_θ (j)

= P_{θ|X} (i|x) (1)

Given the response x_i(l) of X_i at location l ∈ R, the minimum probability of error (MPE) decision rule is to declare it distinct when

P_{θ|X} (i|x_i(l)) =

P_{Xi} (x_i(l))P_θ(i) ∑ j P_{Xj} (x_i(l))P_θ(j) ≥ 1 2 . (2)

This test determines if the responses of X_i are distinct from those of X_{j≠i}. It does not, however, determine if X_i is dominant: X_i could be distinct because it is the only feature that does not respond to the stimulus in R. The second question is to determine if the responses of X_i are both distinct and large. This requires a new random variable

S(x_i) = { |x_i|, if Y = 1 0, if Y = 0. (3) which measures the strength (absolute value) of the distinct responses. The expected strength of distinct responses in R is then

E_{Y,Xi} [S(X_i)] = ∫ |x|P_{Y |X,θ}(1|x, i)P_{X,θ}(x, i)dx (4) = ∫ |x|P_{θ|X} (i|x)P_{X,θ} (x, i)dx, (5)

162 163 164 165 166 167 168 169 170 171 172 173 174 175 176 177 178 179 180 181 182 183 184 185 186 187 188 189 190 191 192 193 194 195 196 197 198 199 200 201 202 203 204 205 206 207 208 209 210 211 212 213 214 215

Figure 2: One channel of the bioSIFT network. The large dashed box implements the computations of the simple cell, and the small one those of the complex cell. The simple cell computes the contribution of channel i to the expected value of the dominant response at pixel x, indicated by a filled box. Spatial pooling by the complex cell determines the channel’s contribution to the expected value of the dominant response within the pooling neighborhood.

The empirical estimate of (5) from the sample x_i(l), l ∈ R, is ^ S(X_i)_R = 1 |R| ∑ l |x_i(l)|P_{θ|X} (i|x_i(l)). (6)

This measure of the dominance of the i^{th} orientation is a sum of the response amplitudes |x_i(l)| across R, with each location weighted by the posterior probability that it contains stimulus of that orientation. It is similar to the measure used by SIFT, which assigns each point to a dominant orientation and integrates responses over R. The main difference is that a location could contribute to more than one orientation, since the expected strength relies on a soft assignment of locations to orientations, according to their posterior orientation probability.

Figure 1 illustrates the computations of (6) for the image shown in a). The response of a Gabor filter of orientation θ = 3π/4 is shown in b), and the orientation probability map P_{θ|X} (i|x_i) in c). Note that these probabilities are much smaller than the Gabor responses in the body of the starfish, where the image is textured but there is no significant structure of orientation θ. On the other hand, they are largest for the locations where the orientation is dominant. Figure 1 d) shows the final dominance measure. The combined multiplication by the Gabor responses and averaging over R magnifies the responses where the orientation is dominant, suppressing the details due to texture or noise. This can be seen by comparing b) and d). Overall, (6) is large when the i^{th} orientation responses are 1) distinct from those of other channels and 2) large. It is small when they are either indistinct or small. One interesting property is that it penalizes large responses of X_i that are not informative of the presence of stimuli with orientation i. Hence, increasing the stimulus contrast does not increase ^ S(X_i)_R when responses x_i(l) cannot be confidently assigned to the i^{th} orientation. This can be seen in Figure 1 f) and h), where the Gabor response and dominance measure are shown for a lowcontrast replica of the image of a). While the Gabor responses at low (f) and high (b) contrasts are substantially different, the dominance measure (d and h) stays almost constant. It follows that (6) implements contrast normalization, a topic to which we will return in later sections. It is worth noting that such normalization is accomplished without modeling joint distributions of response across orientations. On the contrary, all quantities in (6) are scalar.

3 Biological plausibility

In this section we study the biological plausibility of the orientation dominance measure of (6).

216 217 218 219 220 221 222 223 224 225 226 227 228 229 230 231 232 233 234 235 236 237 238 239 240 241 242 243 244 245 246 247 248 249 250 251 252 253 254 255 256 257 258 259 260 261 262 263 264 265 266 267 268 269

3.1 Natural image statistics

Extensive research on the statistics of natural images has shown that the responses of bandpass features follow the generalized gaussian distribution (GGD)

P_X (x; α, β) = β 2αΓ(1/β) exp ( − ( |x| α β)) (7) where Γ(z) =

∫_∞ 0 e^{−t}t^{z−1} , dt, t > 0 is the Gamma function, α is a scale and β a shape parameter. The biological plausibility of statistical inference for GGD stimuli was extensively studied in [11]. This work shows that various fundamental computations in statistics can indeed be computed biologically when a maximum a posteriori (MAP) estimate is adopted for α^β , using a conjugate (Gamma) prior. This MAP estimate is

α_{MAP} = β n + η n∑ j=1 |x(j)|^β + ν 1/β (8) where ν and η are the prior hyperparameters, and x(j) a sample of training points. As is usual in Bayesian inference, the hyperparameter values are important when the sample is too small to enable reliable inference. This is not the case for the current work, where the estimates remain constant over a substantial range of their values. Hence, we simply set ν = 10^{−3} and η = 1 in all experiments. For natural images, the value of β is quite stable. We use β = 0.5, (determined from a set of images using the method of moments) in our experiments.

3.2 Biological computations

To derive a biologically plausible form of (6) we start by assuming that P_θ(i) =^1_M . This is mostly for simplicity, the discussion could be generalized to account for any prior distribution of orientations. Under this assumption

P_{θ|X} (j|x_i) =

P_{X|θ}(x_i|j) ∑ k P_{X|θ}(x_i|k) = P_{Xj} (x_i) ∑ k P_{Xk} (x_i) (9) and ^ S(X_i)_R ∝ ∑ l∈R |x_i(l)|ψ_i [log P_{X1} (x_i(l)), . . . , log P_{XM} (x_i(l))] (10)

where ψ_k is the classical softmax activation function

ψ_k(q_1, ..., q_n) = exp(q_k) ∑_n

j=1 exp(q_j )

, (11)

q_j the log-likelihood (up to constants that cancel in (11)) q_j = log P_{Xj} (x_i(l)) = −ϕ(x_i(l); θ_j ) − K_j (12) and, from (7) with the MAP estimate of α^β from (8) and the responses in R as training sample,

ϕ(x; θ_k) =

|x|^β ξ_k

(13)

ξ_k = β |R| + η ( ∑ l∈R |x_k(l)|^β + ν ) (14)

K_j = log α_j = 1 β log ξ_j . (15)

The computations of (11)-(15) are those performed by simple cells in the standard neurophysiological model of V1. A bank of linear filters is applied at each location l of the field of view. This produces the Gabor responses x_i(l). Each response x_i(l) is divisively normalized by the sum of responses in the neighborhood R, for each orientation channel, using (13)-(14). Notice that this

270 271 272 273 274 275 276 277 278 279 280 281 282 283 284 285 286 287 288 289 290 291 292 293 294 295 296 297 298 299 300 301 302 303 304 305 306 307 308 309 310 311 312 313 314 315 316 317 318 319 320 321 322 323 a) c) e) g)

b) d) f) h)

Figure 3: Col 1: a) COS in real neurons(from [5]), and b) in bioSIFT features. Col 2: c,d)COS as a function of probability distributions of bioSIFT channels. Col 3: e)Contrast response in bioSIFT features and corresponding Naka-Rushton fit, f) distributions of Gabor and bioSIFT amplitudes. Col 4: conditional histograms of adjacent channels for g)Gabor and h) bioSIFT features.

implies that the conditional distribution of responses of a channel is learned locally, from the sample of responses in R. Altogether, (12) implements the computations of a divisively normalized simple cell. Finally, the softmax ψ_k is a multi-way sigmoidal non-linearity which replicates the well known saturating behavior of simple cells. The computation of the orientation dominance measure by (10) then corresponds to a complex cell, which pools the simple cell responses in R, modulated by the magnitude of the underlying Gabor responses. This produces each channel’s contribution to the bioSIFT descriptor. A graphical description of the network is presented in Figure 2.

3.3 Naka-Rushton fit

In addition to replicating the standard model of V1, the biological plausibility of the bioSIFT features can be substantiated by checking if they reproduce well-established properties of neuronal responses. One characteristic property of neural responses of monkey and cat V1 is the tightness with which they can be fit by the Naka-Rushton equation [8]. The equation describes the average response to a sinusoidal grating of contrast c as R = R_{max} c^q c^q_{50} + c^q

(16)

where R_{max} is the maximum mean response, c_{50} is the semi-saturation contrast i.e. the contrast at which the response is half the saturation value. The parameter q, which determines the steepness of the curve, is remarkably stable for V1 neurons, where it takes values around 2 [1]. The fit between the contrast response of a bioSIFT unit and the Naka-Rushton function was determined, using the procedure of [8], and is shown in Figure 3 e). As in biology, the Naka-Rushton model fits the bioSIFT data quite well. Over multiple trials, the q parameter for the best fitting curve is stable and stays in the interval (1.7, 2.1).

3.4 Inhibitory effects

It is well known that V1 neurons have a characteristic inhibitory behavior, known as crossorientation suppression (COS) [5, 13, 18]. This suppression is observed by measuring the response of a neuron, tuned to an orientation θ, to a sinusoidal grating of orthogonal orientation (θ ± 90^∘). When presented by itself, the grating barely evokes a response from the neuron. However, if superimposed with a grating of another orientation, it significantly reduces the response of the neuron to the latter. To test if the bioSIFT features exhibt COS, we repeated the set of experiments reported in [5]. These consist of measuring a simple cell response to a set of sinusoidal plaids obtained by summing 1) a test grating oriented along the cell’s preferred orientation, and 2) a mask grating of orthogonal orientation. The test and the mask have the same frequency as the cell’s Gabor filter. The cell response is recorded as a function of the contrast of the gratings. Figure 3 a) shows the results reported in [5], for a real neuron. The stimuli are shown on the left and the neuron’s response on

324 325 326 327 328 329 330 331 332 333 334 335 336 337 338 339 340 341 342 343 344 345 346 347 348 349 350 351 352 353 354 355 356 357 358 359 360 361 362 363 364 365 366 367 368 369 370 371 372 373 374 375 376 377

(a) (b) (c) (d) (e)

Figure 4: (a) orientation selectivity by COS ; (b),(d) sample images; (c),(e) maximum bioSIFT response at each location.

the right. Note the suppression of the latter when the mask contrast increases. The response of the bioSIFT simple cell, shown in Figure 3 b), is identical to that of the neuron. From the point of view of computer vision, the great advantage of COS is the resulting increase in selectivity of the orientation channels. This is illustrated in Figure 4 (a). The figure shows the results of an experiment that meausred the response of 12 Gabor filters of orientation in [0^o, 180^o] to a horizontal grating. While both the first and twelfth Gabor filters have relatively large responses, the twelfth channel of bioSIFT is suppressed. When combined with the contrast invariance of Figure 1, this leads to a representation with strong orientation discrimination and robustness to lighting variations. Some example of this are shown in Figure 4. Figures 4 (c) and (e) show the value of the dominance measure for the most dominant orientation at each image location of the images in (b) and (d). Note how the bioSIFT features capture information about dominant orientation and object shape, suppressing uninformative or noisy pixels.

3.5 Independence and sparseness

Barlow [3] argued that the goal of sensory systems is to reduce redundancy in their outputs, so as to produce statistically independent responses. A known property of the responses of bandpass features to natural images is a consistent pattern of higher order dependence, characterized by bow-tie shaped conditional distributions between feature pairs. This pattern is depicted in Figure 3 g), which shows the histogram of responses of a Gabor feature, conditioned on the response of the co-located feature of an adjacent orientation channel. Simoncelli [23] showed that divisively normalizing linear filter responses reduces these higher-order dependencies, making the features independent. As can be seen from (10), (12), and (13), the bioSIFT network divisively normalizes each Gabor response by the sum, accross the spatial neighborhood R, of responses from each of the Gabor orientations (11). It is thus not surprising that, as shown in Figure 3 h), the conditional histograms of bioSIFT features are zero outside a small horizontal band around the horizontal axis. This implies that they are independent (knowledge of the value of one feature does not modify the distribution of responses of the other).This is a consistent observation across bioSIFT feature pairs.

Another important, and extensively researched, property of V1 responses is their sparseness. Channel sparseness is closely related to independence across channels. Sparse representations have several important advantages, such as increased generalization ability and energy efficiency of neural decision-making circuits. Given the discussion above, it is not surprising that the contrast normalization inherent to the bioSIFT representation also makes it more sparse. This is shown in Figure 3 f), which compares the sparseness of the responses of both a Gabor filter and a bioSIFT unit to a natural image.

For now, we point out that these properties have not been exploited in the SIFT literature itself. Independence could lead to more efficient implementations of SIFT-based recognizers than the standard visual words approach, which requires an expensive quantization of SIFT features with respect to a large codebook. We leave this as a topic for future research.

4 Experimental Evaluation

In this section, we report on experiments designed to evaluate the benefits, for computer vision, of the connections between SIFT and the standard neurophysiological model.

378 379 380 381 382 383 384 385 386 387 388 389 390 391 392 393 394 395 396 397 398 399 400 401 402 403 404 405 406 407 408 409 410 411 412 413 414 415 416 417 418 419 420 421 422 423 424 425 426 427 428 429 430 431

Table 1: Multiclass classification results for Caltech 101. Model 30 training images/cat. Base model [21] 42 + sparse S2 + inhibit S1/C1 outputs [19] 49 + other enhancements [19] 56 Pyramid Match Kernel [12] 58.2 GT [15] 55.8 [15] (best result) 65.5 NBNN [4] 70.4 bioSIFT in HMAX 54.5 Final bioSIFT Network 69

4.1 Biologically inspired object recognition

Biologically motivated networks for object recognition have been recently the subject of computer vision research, with very promising results [21, 19]. We evaluated the impact of adding bioSIFT features to these networks. We considered the HMAX network [21], which mimics the structure of the visual cortex as a cascade of alternating simple and complex cell layers. The first layer encodes the input image as a set of complex cell responses, and the second layer compares these responses to a set of learned prototypes, to classify the image. For this evaluation, each unit of the first layer was replaced by a bioSIFT unit, implemented as in Figure 2. The experimental setup was that of [21]: multi-class classification on Caltech101 using 30 images/object for training and at-most 50 for testing.

The baseline accuracy of [21] was 42%. The work of [19] introduced several enhancements, which are listed in Table 1, and were shown to considerably improve this baseline. Two of these enhancements, sparsification and inhibition, were along the lines of the contributions discussed in this work. Others, such a limiting receptive fields to restrict invariance, and discriminant selection of prototypes could also be combined with bioSIFT. As shown in Table 1 the base performance of the network with bioSIFT (54.5%) is superior to that of all comparable extensions of [19] (49%). This can be attributed to the fact that those extensions are mostly heuristic, while those now proposed have a more sound decision-theoretical basis. In fact, the simple addition of bioSIFT features to the HMAX network outperforms all extensions of [19] up to the prototype selection stage (54%). When bioSIFT is complemented with limited C2 invariance and prototype selection the performance improves to 69%, which is better than all results from [19]. In fact, the HMAX network with bioSIFT outperforms several non-biological recognition networks and achieves results competitive with the state-of-the-art in non-biological recognition(table 1).^1

4.2 Scene Classification

References

[1] D G Albrecht and D B Hamilton. Striate cortex of monkey and cat: contrast response function. Journal of Neurophysiology, 48:217–237, 1982.

[2] F Attneave. Informational aspects of visual perception. Psychological review, 61:183–193, 1954. [3] H B Barlow. Redundancy reduction revisited. Network: Computation in Neural Systems, 12, 2001. [4] O Boiman, E Shechtman, and M Irani. In defense of nearest-neighbor based image classification. In Proc.

IEEE Conf. CVPR, 2008.

[5] M Carandini. Receptive fields and suppressive fields in the early visual system. MIT Press, 2004. [6] M Carandini, J B Demb, V Mante, D J Tolhurst, Y Dan, B A Olshausen, J L Gallant, and N C Rust. Do we know what the early visual system does? Journal of Neuroscience, 25, 2005.

1We believe that other enhancements such as (i) using color channels and (ii) using learning methods like sparse coding in the second layer [24] will further improve the performance of the network.These are, however, beyond the scope of our experiments where the main goal was to show that using the bioSIFT features leads to significant gains in the object classification performance of biological networks and puts them on par with the best non-biological object recognition systems.

432 433 434 435 436 437 438 439 440 441 442 443 444 445 446 447 448 449 450 451 452 453 454 455 456 457 458 459 460 461 462 463 464 465 466 467 468 469 470 471 472 473 474 475 476 477 478 479 480 481 482 483 484 485

[7] M Carandini, D J Heeger, and J A Movshon. Linearity and normalization in simple cells of macaque primary visual cortex. Journal of Neuroscience, 17:8621–8644, 1997.

[8] M Chirimuuta and D J Tolhurst. Does a bayesian model of v1 contrast coding offer a neurophysiological account of contrast discrimination? Vision Research, 45:2943–2959, 2005.

[9] N Dalal and B Triggs. Histograms of oriented gradients for human detection. In Proc. IEEE Conf. CVPR, 2005.

[10] W T Freeman and M Roth. Orientation histograms for hand gesture recognition. In IEEE Intl. Wkshp. on Automatic Face and Gesture Recognition, 1995.

[11] D Gao and N Vasconcelos. Decision-theoritic saliency: computational principles, biological plausibility, and implications for neurophysiology and psychophysics. Neural Computation, 21, 2009.

[12] K Grauman and T Darrell. Pyramid match kernels: Discriminative classification with sets of image features. In Proc. ICCV, 2005.

[13] D Heeger. Normalization of cell responses in cat striate cortex. Visual Neuroscience, 9, 1992. [14] D H Hubel and T N Wiesel. Receptive fields, binocular interaction, and functional architecture in the cat’s visual cortex. Journal of Physiology, 160, 1962.

[15] K Jarrett, K Kavukcuoglu, M Ranzato, and Y Lecun. What is the best multi-stage architecture for object recognition? In Proc. IEEE International Conference on Computer Vision, 2009.

[16] D C Knill and W Richards. Perception as Bayesian inference. Cambridge University Press, 1996. [17] D G Lowe. Distinctive image features from scale-invariant keypoints. IJCV, 60(2):91–110, 2004. [18] M C Morrone, D C Burr, and L Maffei. Functional implications of cross orientation inhibition of cortical visual cells i. neurophysiological evidence. Proc. Royal Society London B, 216:335–354, 1982.

[19] J Mutch and D Lowe. Object class recognition and localization using sparse features with limited receptive fields. IJCV, 80:45–57, 2008.

[20] S. E. Palmer. Vision Science: Photons to Phenomenology. The MIT Press, 1999. [21] T Serre, L Wolf, and T Poggio. Object recognition with features inspired by visual cortex. In IEEE Conf.

CVPR, 2005.

[22] R Shapley and J D Victor. The contrast gain control of the cat retina. Vision Research, 19:431–434, 1979. [23] M J Wainwright, O Schwartz, and E P Simoncelli. Natural image statistics and divisive normalization:

Modeling nonlinearities and adaptation in cortical neurons. In Probabilistic Models of the Brain: Perception and Neural Function, pages 203–222. MIT Press, 2002.

[24] J Yang, K Yu, Y Gong, and T Huang. Linear spatial pyramid matching using sparse coding for image classification. In Proc. IEEE Conf. CVPR, 2009.