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Abstract. The biologically inspired model (BIM) for invariant feature repre-
sentation has attracted widespread attention recently, which approximately fol-
lows the organization of cortex visuel. BIM is a computational architecture with
four layers. With the image data size increases, the four-layer framework is prone
to be overfitting, which limits its application. To address this issue, motivated by
biology, we propose a biologically inspired hierarchical model (BIHM) for image
feature representation, which adds two more discriminative layers upon the
conventional four-layer framework. In contrast to the conventional BIM that
mimics the inferior temporal cortex, which corresponds to the low level feature
invariance and selectivity, the proposed BIHM adds two more layers upon the
conventional BIM framework to simulate inferotemporal cortex, exploring higher
level feature invariance and selectivity. Furthermore, we firstly utilize the BIHM
in the image recommendation. To demonstrate the effectiveness of proposed
model, we use it in image recommendation task and perform experiment on
CalTech5 datasets. The experiment results show that BIHM exhibits higher per-
formance than conventional BIM and is very comparable to existing architectures.

Keywords: Visual cortex � Biologically inspired model � Classification �
Image recommendation

1 Introduction

Recently, there are a large number of digital images made every day in the internet.
Effective image recommendation, and retrieval tools are strongly demanded by con-
sumers, including fashion, shopping online, sensing, medicine, and so on [1–4].

© Springer International Publishing AG 2017
F. Cong et al. (Eds.): ISNN 2017, Part II, LNCS 10262, pp. 583–590, 2017.
DOI: 10.1007/978-3-319-59081-3_68



Efficient image retrieval techniques play important roles in the image recommendation
system. Among them, content based image retrieval (CBIR) has drawn widespread
research attentiveness in the last decade. The retrieval performance of a CBIR system
essentially depends on the feature representation, which has been carried out extensive
research by researchers for decades [5–7]. In the visual system, humans trend to adopt
high-level features (concepts) to represent images and measure their similarity. By
contrast, while the most computer vision techniques extracted features with low-level
features (color, shape, structure, texture and so on.) [8, 9].

In recent years, important developments have been made in the research of brain
science [10–13]. The findings in the primary visual cortex V1 area are of significance.
While researching the V1 area, Hubel and Wiesel discovered that the visual cortex
analyzes features into various ways with different spatial orientations and frequencies
[12]. The discovery gives an important support to early neuroscience theories. Based
on these theories, Riesenhuber and Poggio described an original calculation framework
for object recognition, called biologically inspired model (BIM) that tends to model the
cognitive mechanism of the visual cortex [13]. Serre et al. upgraded the original BIM
model and presented the standard BIM [16], which shows that the visual framework
significantly improve the performance of object recognition.

The standard BIM made a big step forward for extending neurobiological models to
deal with real-world vision tasks, and many enhanced models have been proposed
about on the basic framework of it. Mutch and Lowe modified the model by
constrain-ing the number of feature input, inhibiting S1/C1 outputs, and increasing
feature selection [17]. Qiao et al. introduced some preliminary cognition and active
attention mechanism based on the BIM framework [14, 15]. Lu et al. proposed a novel
receptive field in the S1 layers and upgraded the framework by novel patch selection
and matching processes [18–21]. These approaches obtain better performances by
incorporating some biologically motivated properties in addition. In conclusion, all
these systems have shown that the relevant biological findings are helpful for con-
structing more robust computer vision algorithms.

BIM is a calculation model with S1, C1, S2, and C2 four layers, which concentrates
on the invariance and selectivity of features [16]. With the image data size increases,
the four-layer framework is prone to be overfitting in the big data cases, which limits its
application. To address this weakness, we describe a biologically inspired hierarchical
model (BIHM), which adds two more discriminative layers upon the conventional
four-layer framework. In contrast to the conventional BIM that successfully mimics the
inferior temporal cortex (from V1 to V4) of the human visual system, which corre-
sponds to the low level feature invariance and selectivity, the proposed BIHM adds two
more layers based on the conventional BIM framework to simulate up to inferotem-
poral cortex (i.e., PIT and AIT), exploring higher level feature invariance and
selectivity.

The remaining part of the article is organized as follows: in Sect. 2, we give an
introduction about the conventional BIM; in Sect. 3, we propose the BIHM method
and utilize the BIHM in image recommendation; in Sect. 4, we show experimental
results based on Caltech05 database; finally, in Sect. 5, we concludes this paper.
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2 Biologically Inspired Model Review

The biologically inspired model (BIM) presented by Serre et al. has attracted
wide-spread attention recently. It has been successfully applied in various recognition
tasks: From single object recognition in the clutter condition to multi-categorization as
well as the understanding of complex scene.

The units in S1 layer are corresponding to the simple cells of the visual cortex,
which compute the response for input image by Gabor filter bank. The C1 layer is
corresponding to cortical complex cell layer and shows robustness to scale and shift
transformations by pooling the afferent S1 units with the MAX operation in the same
scale and orientation band. It tends to have larger receptive fields and increases the
robustness to deformations from layer S1 to C1.

In the S2 stage, units pool C1 units from a local neighborhood across all orienta-
tions. A mass of patches are chose from the C1 layers of training images at random
before that. Then the S2 units behave as radial basis function and pool over the C1 units
in a Gaussian-like tuning way on the Euclidean distance between an input patch and a
stored prototype. The C2 layer pools the S2 units over all scales and positions with a
global maximum operation, which devotes to obtain shift- and scale-invariant
responses. Therefore, for the sampled k prototype patches, a k-dimensional feature
vector is finally obtained after the four-stage features extraction, which has larger
receptive fields and shows shift-invariant and scale-invariant properties.

3 Biologically Inspired Hierarchical Model

Build upon Hubel and Wiesel’s theories on visual cortex [10–12], the simple cells are
not sensitive to illumination and need edge-like response at a particular phase, and
position. The complex cells respond well to bars with a particular phase, while they are
not sensitive to both phase and position of the bar in the receptive fields (RFs). At the
upper layers the hypercomplex cells not only respond to bars in the phase and position
invariant way, but also are selective to the bars with a specific length. Hubel and Wiesel
suggested that this increasingly invariant and complex feature representations should
be built by integrating the inputs from lower levels.

Two sort of functional layers exist in the visual cortex framework: the S layers
consisted of simple cells are interleaved with the C layers consisted of complex cells. In
brief, along the hierarchy, each S layer increase the feature selectivity by tuning to
features of increasing complexity, and each C layers increase the invariance to 2D
transformations such as slight changes in position and scale by a max pooling operation
[16, 22].

S3 stage: In the S3 stage, the similar step is iterated one more time to increase the
complexity of the prior response at the C2 level. The S3 unit presents the similarity
between a sampled patch and the previous C2 layer in a Gaussian-like tuning way by
Euclidean distance. These S3 units are interleaved with the C2 layers consisted of
complex cells. The mathematical equation of the corresponding S3 layers is given by:
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S3 ¼ expð�b �
XN

i¼1

ðC2ðj; kÞ � FiÞ2Þ; ð1Þ

where b defines the sharpness of the exponential function, C2ðj; kÞ is the afferent C2
layer with a specific scale j and orientation k, and Fi denotes a sampled patch from the
prior C2 layers, N is the number of the sampled patches.

C3 stage: In the C3 stage, the C3 units acquired by pooling the S3 units with the
same selectivity at adjacent scales and positions. The C3 units show the similar
selectivity to complex features with the S3 units, but with a broader size of invariance.
The S3 and C3 layers give a description of largely tuned shape. The set of invariant C3
responses can be calculated by doing a global maximum value of inputting S3 units
across all positions and scales. The responses of the C3 layers are given by:

C3 ¼ maxð i; j; rÞðS3ði; j; rÞÞ: ð2Þ

where ði; jÞ denotes the position of S3 units and r is the corresponding scale. The
export is a feature vector with C3 values. The vector is used as the C3 features in the
experiment tasks.

The S3 and C3 stages follow the operations in S2 and C2, their further interleaving
and max-like pooling with the inferior layers introduce better selectivity and invari-
ance. The deeper features with more robust and discriminative information benefit the
BIHM model in the cluttered recommendation tasks.

4 Experiments

In this part, we design an experiment to do the evaluation of BIHM in the image
recommendation tasks. We compare the BIHM with BIM and SIFT on Caltech05
database [16]. Figure 1 shows the sample images of the CalTech5 datasets. Given the

Fig. 1. Sample images of the CalTech5 datasets.
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various appearance transformation of the images, we applied the position-scale-invariant
C3 features of BIHM, and passed the features to a classifier to execute classification.
(In the experiments of this article, we select the linear Lib-SVM [23] as the classifier).

To make the experiment at a feature level and ensure a fair comparison between the
methods, we neglected the position information from SIFT, because it was shown in
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Fig. 2. Comparison of BIHM with standard BIM and SIFT on the CalTech5 dataset:
(a) aeroplanes, (b) cars, (c) leaves, (d) faces, and (e) motorcycles.
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[16, 24] that structural information does not appear to improve classification perfor-
mance. We use the same experimental setting in [16]. We compared the
position-scale-invariant C2 features from the conversional BIM and the updated C3
features from BIHM with the SIFT features. We pass these features to an SVM and
perform a present/absent classification task.

In this experiment, we chose 25 images at random from each category from the
CaltTech5 database as positive training images and 25 different images from
back-grounds as the negative training set. In the test stage, 100 different images (every
category of the CaltTech5 database) and 100 other background images were chosen at
random as a testing set. A various number of features (i.e., 10, 50, 100, 200, 500, 1000,
2000 and 4000) were obtained by selecting them from the 5,000 available at random to
train the models.

Figure 2 shows the experimental results of the CalTech5 database with different
numbers of features. Generally, it was demonstrated that BIHM exceeded BIM and
SIFT in precision in most classes in this database. The SIFT features are adept at the
detection of a transformed seen image, but they may lack discriminability in a more
general classification task [16]. BIHM and BIM significantly exceeded SIFT for the
faces, cars, leaves, and airplanes; in most cases, BIHM was clearly superior to BIM,
especially, when the feature number is bigger and bigger, the improvement of BIM
performance is limited due to the overfitting. In contrast, BIHM performance maintains
growth trend with the increasing feature number. Therefore, in most image categories,
BIHM shows superior performance.

5 Conclusion

In the article, we describe a novel biologically inspired hierarchical model by adding
S3 and C3 layers upon the conventional BIM framework to represent a high level
invariance and selectivity of features, and successfully applied the proposed model in
the image recommendation. The BIHM provides a balanced trade-off between the
features’ selectivity and invariance. The experiment on Caltech05 datasets showed our
proposed model qualifies in image recommendation tasks. Our research by far has
mainly concentrated on the performance upgrading of BIM. The improvement of
calculating speed upon BIM will be our future work.
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