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Abstract

This paper describes a neural network approach to multiclass object detection
problems in which both the classes and locations of relatively small objects in
large images must be determined. Rather than using high level domain specific
features or raw image pixels, this approach uses low level pixel statistics as inputs
to neural networks. The networks are trained by the back propagation algorithm
on examples which have been cut out from the large images. The trained networks
are then applied, in a moving window fashion, over the large images to detect the
objects of interest. To reduce the false alarm objects detected, a false alarm
filter is developed. This approach is examined and compared with a basic neural
network approach on three object detection problems of increasing difficulty. The
results suggest that the new approach with the false alarm filter can perform very
well on those object detection tasks and is more effective than the basic approach.

Keywords Neural networks, pixel statistics, false alarm filters, multiclass object
detection, object recognition, computer vision.
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Abstract. This paper describes a neural network approach to multi-
class object detection problems in which both the classes and locations
of relatively small objects in large images must be determined. Rather
than using high level domain specific features or raw image pixels, this
approach uses low level pixel statistics as inputs to neural networks. The
networks are trained by the back propagation algorithm on examples
which have been cut out from the large images. The trained networks
are then applied, in a moving window fashion, over the large images to
detect the objects of interest. To reduce the false alarm objects detected,
a false alarm filter is developed. This approach is examined and com-
pared with a basic neural network approach on three object detection
problems of increasing difficulty. The results suggest that the new ap-
proach with the false alarm filter can perform very well on those object
detection tasks and is more effective than the basic approach.

1 Introduction

Object detection tasks arise in a very wide range of applications, such as de-
tecting faces from video images, finding tumors in a database of x-ray images,
and detecting cyclones in a database of satellite images. In many cases, people
(possibly highly trained experts) are able to perform the classification task well,
but there is either a shortage of such experts, or the cost of people is too high.
Given the amount of data that needs to be detected, automated object detec-
tion systems are highly desirable. However, creating such automated systems
that have sufficient accuracy and reliability turns out to be very difficult.

The traditional approach to object recognition and detection task [1, 2] usu-
ally involves several stages of preprocessing, segmentation, and feature extraction

before the final stage of classification. The goals of the earlier stages are to
transform the image into a representation that makes the classification simpler.
Feature extraction, in particular, transforms the very high dimensional pixel
based representation of the original image into a much lower dimensional repre-
sentation in which the objects are much more easily separated from each other
and from the background. The design of the preprocessing and feature detec-
tion stages is a major component of the work involved in constructing an object
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detection system using the traditional approach. Unfortunately, the design is
usually dependent on the domain, and therefore may have to be repeated for
each different task.

Neural networks have been applied in object detection by a number of re-
searchers. Some have taken a traditional feature based approach [3, 4] in which
a set of domain specific, hand designed, feature detectors are used to transform
the image into a low dimensional vector. This feature vector is then used as
input to the classification network.

Other researchers [5–7] have explored a domain independent approach by
using the raw pixel values of the image as inputs to the neural network classifier.
The approach we have used in previous work [8, 9] was such an approach (referred
to as the basic approach), where the neural network was trained on the raw
image pixels of the object examples cut out from the large images. The trained
network was then applied in a moving window fashion over the large images to
detection the objects of interest. A centre-finding algorithm was used to find
the centres of object detected for evaluation. The major advantage here is that
the cost and domain specificity of the preprocessing and feature extraction and
hand-crafting of programs for feature extraction were successfully avoided. Past
work has demonstrated the effectiveness of this approach on detecting small,
well presented objects in large images with a relatively uniform background.

However, the basic approach has some problems. One problem is that the
input vector to the neural network is typically very large. The effect of this is to
require a large number of training examples and long training time. Although
long training time is not necessarily a critical problem, generating a large number
of correctly classified training examples may be infeasible in many applications.
A second problem is that this approach often produces a large number of false
alarms even though the objects of interest could usually be successfully detected.
The problem is even serious when the objects are unclear or irregular, or the
background is cluttered. This is mainly because the centre-finding algorithm was
not sufficiently effective for reducing false alarms.

The goal of this approach is to investigate an alternative approach using
domain independent, statistically based features (referred to as pixel statistics)
and a new false alarm filter for object detection problems. Like domain specific
features, these pixel statistics transform an image to a lower dimensional vector.
However, the features are based on standard statistical measures, such as means
and standard deviations, of parts of the image, and do not depend on any par-
ticular properties of the image domain. They are therefore equally relevant for
any kind of image and class of object. The new false alarm filter aims to reduce
false positive objects classified by the neural networks. A further characteristic
of our approach is that, unlike most of the current work in the object detection
area, where the task is to detect only objects of one class [10, 11], our objective
is to detect objects from a number of classes.

The rest of paper is organised as follows. Section 2 describes the approach.
Section 3 gives the three image data sets and section 4 presents the experimental
results. Section 5 draws the conclusions and gives future directions.
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2 The Approach

2.1 Overview of the Approach

This section describes the new approach to the use of pixel statistics and false
alarm filter in neural networks for domain independent, multiclass object detec-
tion problems. An overview of the approach is shown in Figure 1.
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Fig. 1. Overview of the approach

First, the locations of all objects of interest in an image database are manually
determined and their classifications are labelled and recorded along with their
locations. Then this image database is split into two data sets: one is the detection

training set, which is used for training the network, and the other is the detection

test set reserved for evaluating the object detection performance of the network.
The neural network is never directly applied to an entire image, but only to

sub-images of a fixed size. We refer to these sub-images as input images. For
the network training stage, the input images are created by cutting out samples
from images in the detection training set. For the object detection stage, the
system sweeps a window (or input field) of the appropriate size over the entire
image, creating an input image for each possible position. In both stages, a set
of pixel statistics (low level image features) are calculated from the input image
and used as inputs to the neural network.

The size of the input images is determined by the size of the object of interest
in each of the image databases. Following the heuristic in [8], the input field is
chosen to be sufficiently large to characterise the background but small enough
to contain only a single object of interest. The largest object in each of the image
databases can be used to determine this size.

The set of input images constructed from the detection training set is called
the classification data set. This data set consists of input images centred on each
of the objects in the images in the detection training set, labeled with the object
class, plus a collection of input images that are not centred on the objects, and
are labeled class other. The classification data set is randomly partitioned into
a classification training set and a classification tuning set.
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2.2 Neural Network Architecture

We use three layer, feed forward neural networks with one input layer, one output
layer and one hidden layer. The number of input nodes is the number of pixel
statistics computed from an input image. The number of output nodes depends
on the number of object classes in the image database. The number of hidden
nodes is empirically determined through experiments, using the classification
tuning set to choose the optimal number of hidden nodes.

2.3 Pixel Statistics

Pixel statistics are low-level, domain independent image features, computed from
the pixel intensities in a region of the input image. In this approach, we used
two sets of pixel statistics, as shown in figure 2. The first set was constructed
by the means and standard deviations computed from a series of concentric
square regions centred in the input image window. The second set consisted of
the means and standard deviations computed from a series of concentric circular
regions.

Fig. 2. Local square and circular features

2.4 Network Training and Tuning

We use the backward error propagation algorithm [12] with the variations of
online learning and the fan-in factor [13, 14] to train the networks. In the online

learning procedure, also called the stochastic gradient procedure, weight changes
are applied to the network after each training pattern. The fan-in factor nor-
malises the weights by dividing them by the number of inputs of the node to
which the connection belongs. The normalisation is applied before network train-
ing and also to the weight changes during network training.

The training is terminated when the classification accuracy in the classifica-
tion training set reaches a pre-defined percentage. When training is terminated,
the trained network weights and biases are saved for the use in network tuning
or subsequent resumption of training.

The trained network is then applied to the classification tuning set. If the
performance is reasonable, then the trained network is ready to be used for object
detection. Otherwise, the network architecture and/or the learning parameters
need to be changed and the network re-trained, either from the beginning or
from a previously saved, partially trained network. The classification tuning set
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is also used as a “validation set” for monitoring network training process in order
to obtain good parameters of the learned network for object detection.

During network training and tuning, the classification is regarded as correct
if the output node with the largest activation value corresponds to the desired
class of a pattern.

2.5 Object Detection

In object detection, the trained network is applied to square input fields of the
large images in the detection test set to detect the objects of interest. This
consists of network sweeping and false alarm reduction.

Network Sweeping. During network sweeping, the successfully trained neural
network is used as a template matcher, and is applied, in a moving window
fashion, over the large pictures to detect the objects of interest. The template
is swept across and down these large pictures, pixel by pixel in every possible
location. The sweeping window selects a portion of a full image as the input
image and passes the raw pixel values of the input image to the pixel statistics
computation described earlier. The computed pixel statistics are then provided
as inputs to the trained neural network and the network classifies the input
image.

For each object class, the sweeping process will generate an object sweeping

map — a bitmap representing the output value of the neural network for the
given class at each position in the original image. Sample object sweeping maps
for the three classes in an original image with an easy detection problem is shown
in Figure 3. A black pixel in a sweeping map indicates a neural network output
of 0 (“object not present”) at that position; a white pixel indicates an output of
1 (“object definitely present”). Grey pixels indicate a partial match to the class
at that position.

Original picture Class1-sweeping-map Class2-sweeping-map Class3-sweeping-map
(a) (b) (c) (d)

Fig. 3. Sample object sweeping maps in object detection.

False Alarm Reduction. Typically, a well trained neural network will detect
an object not only when the sweeping window is centred over an object, but also
when it is within a few pixels of the centre of an object. A simplistic interpreta-
tion of the neural network output would therefore suggest that there are multiple



6

objects present in the image within a few pixels of each other, which is obviously
false. The 18 filled white areas in figure 3 (b), (c) and (d) show examples of this
kind. Clearly, there is only one object of interest in each of these areas, but more
pixels in these areas were considered potential objects. Also notice that there
were also 18 white “ring” in figure 3 (c) with a black area in the centre of each
ring. Clearly, those areas are false alarms (caused by partial objects of the white
circles and pieces of the background), which need to be eliminated or at least
reduced to one false alarm for each ring rather than several false alarms.

We developed a false alarm filter to deal with the above two situations. The
algorithm is described as follows.

S1 For each class, choose a threshold.
S2 For each pixel in the object sweeping map, if the pixel value is less than

the threshold, set the pixel to “off”, indicating that this pixel would not be
considered as the centre of any object by the network; otherwise, the pixel
is “on”, indicating that this pixel is a potential object centre.

S3 Scan the object sweeping map, pixel by pixel from the top left corner. If the
current pixel is “off”, ignore this position and continue the scan; otherwise
(the current pixel is “on”), this pixel would be either a part of an object, or
a part of a false alarm, and do the following:
• if the pixel immediately above the current pixel is also “on”, then the

current pixel and the pixel above belong to the same object and the
current pixel is referenced to the same object of the previous pixel;

• if the pixel above is “off” but the left pixel is “on”, reference the current
pixel to the same object of the left pixel;

• if both the above and the left pixels are “on” but they are referenced to
different objects, then merge the two objects into one — they belong to
the same object;

• if both the above and the left pixels are “off”, then mark the current
pixel as a new object centre.

S4 Each of these marked objects (connected areas with pixels marked as “on”)
is either an detected object or a detected false alarm. Calculate the centre of
them by taking the average of the minimum and the maximum coordinators
of the pixels marked as “on” in each of these marked objects.

S5 Determine whether those areas are detected objects or false alarms. If the
calculated centre is “on”, then this area is a detected object; otherwise, it is
a detected false alarm, which will not be reported by the neural networks.

It is possible that “object centres” for two (or more) different classes may be
found at the same position. Only the class with the highest activation level at
the position will be selected. We expect that this algorithm would greatly reduce
false alarms in various object detection problems and accordingly improve the
performance.

2.6 Object Detection Performance Measurement

The set of objects detected is reported by the trained neural network (more
accurately the false alarm filter). To measure the performance of the network,
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the system compares the reported object centres and classes against the desired
known object centres and reports the number of objects correctly detected. We
allow a tolerance of 4 pixels in the x and y directions.

We use the detection rate and false alarm rate to measure the object detection
performance. The detection rate is the number of objects correctly reported as
a percentage of the total number of real objects and the false alarm rate is the
number of objects incorrectly reported as a percentage of the total number of real
objects. For example, a detection system looking for grey squares in Figure 3 (a)
may report that there are 25. If 15 of these are correct the detection rate will be
(15/18) = 83.3%. The false alarm rate will be (10/18) = 55.6%. It is important
to note that detecting objects in pictures with very cluttered backgrounds is an
extremely difficult problem and that false detection rates of 200%–2,000% are
common [11, 6].

3 Image Data Sets

Object size:18×18 Object size:90× 90 Object size:70×70

(Shape) (Coin1) (Coin2)

Fig. 4. Object Detection Problems

We used three data sets in the experiments. Example images are given in fig-
ure 4. These data sets provide object detection problems of increasing difficulty.
Data set 1 (Shape) was generated to give well defined objects against a noisy
background. The pixels of the objects were generated using a Gaussian gener-
ator with different means and variances for different classes. There are three
classes of small objects of interest in this database: black circles, grey squares
and white squares. Note that the grey squares have very similar intensities to
the background. Data set 2 (Coin1) consists of scanned images of New Zealand
coins. There are four object classes of interest: head side and tail side of the 5
cent coins and 10 cent coins (head005, tail005, tail010, tail010). In the approach,
neural networks need to determine where those coins are, whether those coins
are 5 cents or 10 cents, and distinguish either tail side up or head side up. The
objects in each class have a similar size but are located at arbitrary positions
and with different rotations. Compared with the shape data set, the detection
problems here are more difficult. Data set 3 (Coin2) contains two object classes
of interest (the head side and the tail side of New Zealand 5 cents) with various
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orientations, but the background is highly cluttered, which makes the detection
problem much harder. Given the low resolution of the images in the two coin
data sets, the detection tasks are very difficult — even human eyes could not
distinguish those classes perfectly.

In the experiments, we used ten images in both the detection training set
and the detection test set for each of the three data sets.

4 Results

This approach was examined on the above three image data sets and compared
with the basic approach with the same sets of pixel statistics. For all cases, the
experiments were repeated 10 times and the average results on the detection test
set were presented.

4.1 Shape Data Set

The results of the new approach and the basic approach for the shape data set
are shown in table 1. Detecting black circles and white circles was relatively
straightforward and both the basic approach and the new approach produced
perfect detection results. For detecting the grey circles, however, the two ap-
proaches gave different results. In the basic approach, the square region features
produced ideal performance, but the circular features resulted in a false alarm
rate of 17.0% on average. The new approach with the false alarm filter achieved
ideal performance, suggesting that the new approach outperformed the basic
approach for this data set.

Table 1. Object detection results on the shape data set.

Image Data Set black circle grey square white circle

Best Detection Rate(%) 100 100 100

Average square Basic approach 0 0 0
False Alarm regions The new approach 0 0 0

Rate circular Basic approach 0 17.0 0
(%) regions The new approach 0 0 0

It is also note that square region features achieved better results than the
circular features. This is probably because the square region features contain
more heuristics than the circular region features for the grey square objects.
Also notice that these results are quite good since these grey square objects are
not easy to detect — even human eyes can not detect those objects easily due to
the fact that the grey square objects are too similar to the cluttered background.

4.2 Coin1 Data Set

The results in the Coin1 data set (table 2) shows a similar pattern to the shape

data set in that the new approach with the false alarm filter greatly reduced the
false alarms and achieved a much better performance than the basic approach
for both sets of features.
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Table 2. Object detection results on the coin1 data set.

Image Data Set 5 cent coins 10 cent coins
tail head tail head

Best Detection Rate(%) 100 100 100 100

Average square Basic approach 66.3 14.3 0 0
False Alarm regions The new approach 21.3 4.4 0 0

Rate circular Basic approach 25 55 0 0
(%) regions The new approach 0 33.1 0 0

4.3 Coin2 Data Set

The results in the Coin2 data set shows exactly the same pattern as in Coin1.
While it is not concluded which feature set is better for this data set, the new
approach with the false alarm filter is certainly better than the basic approach.

Table 3. Object detection results on the coin2 data set.

Image Data Set tail head

Best Detection Rate(%) 100 100

Average square Basic approach 163 5.6
False Alarm regions The new approach 0 0

Rate circular Basic approach 134 9.4
(%) regions The new approach 0 0

The basic approach produced a large number of false alarms with both sets
of features. However, all the false alarms were eliminated by the false alarm filter
in the new approach.

It is important to note that both feature sets achieved similar results on the
two coin data sets and it is hard to conclude one set is better than the other.
This is different from our early hypothesis that the circular feature set would be
better than the square features.

5 Conclusions

The goal of this paper was to investigate the effectiveness of the new neural
network approach with two sets of pixel statistics and the false alarm filter for
object detection problems. The approach was tested and compared with the
basic approach on three object detection problems of increasing difficulty.

For all the three object detection problems investigated here, the new ap-
proach achieved very good results. The results also showed that the new ap-
proach always outperformed the basic approach using the same set of features.
Compared with the basic approach, the new approach appears to be more effec-
tive in reducing false alarm rates.

While the local concentric region features were more effective than the circu-
lar features for the shape data set, it did not appear to conclude one feature set
is better than the other for the two coin data sets. This contradicts our original
hypothesis that the circular region features would be better than the square re-
gion features for the two data sets. Further investigation needs to be carried out
in the future.
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A Multiclass Object Detection

Object detection refers to the detection of small objects in large pictures. It
consists of both object classification, which involves determining the classes of
objects of interest, and object localisation, which identifies the positions of all
the objects in the large pictures.

In most automatic object detection systems, all the objects of interest are
considered to be a single class. Such systems address the single class object
detection task, which is the problem of distinguishing objects or targets from
non-targets or the background. In contrast, multiclass object detection refers to
the case where there is more than one class of objects and both the classes and
locations of all the objects must be determined. In general, multiclass object de-
tection problems are harder than single class detection problems, and multiclass
detection using a single trained program (such as a neural network) is an even
more difficult problem.


