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Abstract. Invariant object recognition (IOR) has been one of the most
active research areas in computer vision. However, there is no technique
able to achieve the best performance in all possible domains. Out of
many techniques, convolutional network (CN) is proven to be a good
candidate in this area. Given large numbers of training samples of objects
under various variation aspects such as lighting, pose, background, etc.,
convolutional network can learn to extract invariant features by itself.
This comes with the price of lengthy training time. Hence, we propose a
circular pairwise classification technique to shorten the training time. We
compared the recognition accuracy and training time complexity between
our approach and a benchmark generic object recognizer LeNet7 which
is a monolithic convolutional network.

1 Introduction

Invariant Object Recognition (IOR) is a computer vision method which deals
with recognizing an interested object in an image under various variations such
as affine transformations, distortion, illuminations, pose, occlusion, background,
changes in object colors and texture, etc.

Basically, there are two issues associated with IOR on features level. First, the
system must be able to detect the object features under various variations and
robust to the noise. Second, features defined for objects in one domain (e.g. digit)
cannot be used directly for other objects in other domains (e.g. human face).

With convolutional networks (CN) [1], the abovementioned issues can be tack-
led because CN is a neural network approach which is known to be robust to
noise and it facilitates its own feature extraction mechanism without the need of
human intervention. However, the shortcoming of CN is computation-intensive
which, in turn, causes a lengthy training time.

In this paper, we follow [2] to investigate on the capability of CN in shape-
based object recognition invariance to lighting, pose, and background using the
proposed method, Circular Pairwise Classification (CPC), to reduce the training
time for this problem. Using NORB (NYU Object Recognition Benchmark) [2]
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as benchmark dataset, we compared the network training time and recognition
accuracy between proposed Circular Pairwise Convolutional Network (CPCN)
and LeNet7 developed by LeCun et al. at New York University [2].

2 Convolutional Networks (CN)

CN (see figure 3(a)) is a kind of multi-layered neural network which facilitates
the feature extraction and input-output mapping together with a global learn-
ing algorithm. The implicit trainable feature extractor of CN makes it a good
candidate for end-to-end object recognition problem. In addition, the trainable
feature extractor is adaptable to different problem domains.

In a recognition problem from raw input (e.g. image pixels), CN outperforms
Multi-Layered Perceptron (MLP) because the former takes the topology of inputs
into consideration while the latter does not [1]. Furthermore, CN combine three
architectural ideas, namely local receptive fields, shared weights, and spatial sub-
sampling, to ensure some degree of invariance to shift, scale and distortion [1,3].

3 Circular Pairwise Classification

We proposed a pairwise classification framework, Circular Pairwise Classifica-
tion, in which a k-class classification problem is decomposed into k two-class
classification sub-problems. Each of the classes lies in two different sub-problems,
with each sub-problem handled by a pairwise classifier. One can imagine that the
k classes are arranged in a circle whereby each class is only paired with its adja-
cent left and right neighboring classes. This framework is illustrated in figure 1.

Since each pairwise classifier is trained on an adjacent pair of classes, there
is no direct competition between two non-adjacent classes. Consequently, if an
unknown input, x, is given, we cannot justify that x belongs to a class but not
the other. Moreover, due to the fact that a pairwise classifier can give erroneous
output if x does not belong to the pair of classes the pairwise classifier is trained
on, chances are high that more than one class will get the maximum votes (i.e.,
two), especially when the number of classes is more than three (i.e. k > 3).

Fig. 1. Class pairing in Circular Pairwise Classification. Each small circle here rep-
resents a class. This 5-class classification example is decomposed into 5 sub-problems
represented by 5 ordered pairs, namely (A, B), (B, C), (C, D), (D, E), and (E, A).
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Obviously, this conflict can not be resolved because there is no direct competi-
tion between the two conflicting classes (i.e. two adjacent classes will never get
maximum votes at the same time). From the above mentioned difficulties, we
believe that a näıve configuration of CPC would not work well as it lacks of
’knowledge’ between the non-adjacent classes. Hence, we propose that an esti-
mation technique should be used to compute these missing ’knowledge’ from the
k-classifiers’ probabilistic output values.

Given a pairwise classifier (say, MLP), Cij, which is trained on the class pair
(i, j) to produce two probabilistic output, rij and rji (= 1− rij) where rij and rji

are the ratios of probability densities [4], the probability of an unknown input
x, to belong to class i and class j may be computed as such, viz.

rij = P(i|x) /(P(i|x)+P(j|x)) (1)
rji = P(j|x) /(P(i|x)+P(j|x)) (2)

This is based on Cutzu’s vote-against scheme [4]. With another pairwise clas-
sifier, Cjk, and its probabilistic output, rjk and rkj, we can also estimate rik and
rki even though none of the pairwise classifiers are trained with a class pair (i, k).
The calculation of rik and rki are shown follow:

rik ≈ rij · rjk /(rij · rjk + rkj · rji) (3)
rki ≈ rkj · rji /(rij · rjk + rkj · rji) (4)

Similar estimation steps apply to all possible pair of classes. In the estima-
tions shown above, we normalized those pair of ratios so that they sum to one;
otherwise, the ratios will be very small if the estimation step is lengthy. As the
classes are arranged in a circle, we may estimate the ratios in a clockwise or
anti-clockwise direction and produce a full set of pairwise ratios. To combine
these pairwise ratios into a final decision for the multi-class problem, a meta-
classifier such as MLP can be trained to map them into their corresponding
desired outputs.

4 Experimental Setup

We adopt NORB jittered-cluttered dataset [2,5] as the benchmark dataset. The
dataset consists of 5 classes, namely, Animal, Human, Plane, Truck, Car, and
Junk (see figure 2). To suit CPC, the original dataset is subdivided into six sub-
datasets, in pair: (Animal,Human), (Human, Plane), (Plane, Truck), (Truck,
Car), (Car, Junk), and (Junk, Animal).

All pairwise CNs are trained, in parallel, on sub-datasets assigned a priori to
them for a maximum of 35 epochs using stochastic backpropagation algorithm
with cross-entropy loss. The parameters such as learning rate, momentum co-
efficient and network complexity are kept fixed for each network. Figure 3(a)
illustrates the configuration of a pairwise CN which follows the one in [3]. The
connections between layers Input-C1 and S2-C3 are designed to beincomplete to
break symmetry in the network and reduce network complexity [1]. The trained
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Fig. 2. Samples (left camera image) of NORB jittered-clutter dataset. From the left-
most column to the rightmost are samples of classes Animal, Human, Plane, Truck,
Car, and Junk.

(a) (b)

Fig. 3. 3(a): Convolutional network for invariant object recognition. ’C’ indicates a
convolutional layer while ’S’ a sub-sampling layer. The Input layer holds two stereo
(left and right camera) object images of dimension 96x96 pixels .C1 has four feature
maps which convolve inputs from previous layer using six 5x5 convolution kernels. S2
is a 4x4 sub-sampling layer which takes its inputs from C1. C3 has nine feature maps
that use 6x6 convolution kernels. S4 is a 3x3 sub-sampling layer. C5 consists of one
hundred feature maps that combine all the inputs in S4 through 6x6 kernels. The
output layer has two units and is fully connected to C5. 3(b): Example of a circular
pairwise convolutional network for a 5-class classification.

pairwise CNs are then combined by stacking them on a meta-classified (e.g.
MLP) which maps them to a desired final output (see figure 3(b)).

5 Results and Discussion

The recognition accuracy of pairwise CNs, combined pairwise CN and LeNet7 are
shown in table 1. The differences in the pairwise CNs test error rates indicated
the difficulty in separating objects with different levels of similarity (in terms
of object shape). The overall test error rate of combined pairwise CNs is higher
than the monolithic CN, LeNet7. This poorer recognition accuracy may be due
to insufficient training applied to those pairwise CNs and the estimation errors
mentioned in section 3. The reasoning is supported by the fact that LeNet7
actually achieved a lower test error rate of 7.8% [5] (from 16.7% [2]) after it was
trained for more iteration and with a set of slightly different learning parameters.

In spite of the poorer performance, pairwise CNs do provide a vehicle for
faster training of convolutional network. This can be justified by the fact that
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Table 1. Test error rates of individual CPCN, meta-classifier, and LeNet7

Pairs of classes Test error rate (%) Ref.

(Car, Junk) 5.56 -

(Plane, Truck) 6.96 -

(Junk, Animal) 10.61 -

(Human, Plane) 10.85 -

(Animal, Human) 13.77 -

(Truck, Car) 15.92 -

Combined pairwise CN (meta classifier) 36.06 -

LeNet7 (250k online updates) 16.70 [2]

LeNet7 (> 250k online updates) 7.80 [5]

LeNet7 takes 4.66 million multiply-add operations for full propagation while
each pairwise CN takes 1.68 million.

6 Conclusion and Future Works

We presented how CN is used as an invariant object recognizer and how the
lengthy training process for a monolithic CN can be shortened by using circular
pairwise CNs. Although there is a drop in the recognition accuracy, however the
accuracy may not be the most important success factor for a recognizer in most
cases. In some real world applications it is common that the main priority for
the recognizer is to learn quickly and in a distributed manner.

As pairwise classifiers are modular in nature, prior information or desired
behavior such as low false positives could be explicitly build into a detection/
recognition system by putting more emphasis on the background class. In the
invariant object recognition task described above, we can train the pairwise CNs
in such a way that each of them learn to recognise a junk class along with another
two classes of different objects. The feasibility of this idea is left for future work.
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