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ABSTRACT

A proven strength of neural-network methods is their application to character
recognition and document analysis. In this paper we describe a neural-net
Optical Character Recognizer (OCR), neural-net preprocessing, and neural-
net hardware accelerators that together comprise a high-performance
character recognition system. We also describe applications in network-
based fax and bit-mapped text processing.

1 Introduction

Character recognition has served as one of the principal proving grounds for
neural-net methods and has emerged as one of the most successful applica-
tions of this technology. This chapter outlines optical character recognition /
docume.t analysis systems developed at AT&T Bell Labs that combine the
strengths of machine-learning algorithms with high-speed, fine-grained
parallel hardware. From our point of view, the most significant aspect of this
work hes been the efficient integration of diverse methods into end-to end
systems. In this paper we use the task of locating and reading ZIP codes on
US mail pieces as an illustration of the character recognition / document



analysis process. We will also describe other applications of the technology,
including interpretation of faxed forms and bit-mapped text to ASCII
conversion,

2 The Character Recognition Process

Figure 1. shows the "typical" character recognition process, which starts with
an optical image and ultimately produces a symbolic interpretation. The
process is divided into a series of tasks that are usually executed independ-
ently. It begins with image capture in which an optical image is converted to
a bit-map. Next the region of interest, in this example the address block, is
located. Then the desired field, the ZIP code, is found. This field is then
usually size-normalized and sometimes (not shown here) de-slanted. Finally,
the characters are segmented and recognized. Note that the recognition phase
is only one step in a long
process. In our systems we
modify this model, using
feedback from down-stream
stages to influence up-stream
decisions. We also apply
neural-net hardware and al-
gorithms where they are ad-
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speed and accuracy are key issues. Most of this paper describes technology
developed for this application. This kind of problem has also been addressed
by other workers [1].

3 The Basic Recognizer: LeNet

At the core of our recognition system is an isolated character recognizer that
we now call LeNet [2]. The LeNet architecture is shown in Figure 2. LeNet
takes a 20 x 20 pixel field as input and returns a rank-ordered list of possible
single-character interpretations of the input image, along with confidence
scores for each interpretation.

LeNet is an example of a highly structured neural-net in which the structure
seeks to incorporate a priori knowledge about the task domain. For the OCR
task, this knowledge includes the local two-dimensional geometric relation-
ships that exist in images. LeNet is designed to extract local geometric fea-
tures from the input field in a way that preserves the approximate relative lo-
cations of these features. This is done by creating feature maps that are
formed by convolving the image with local feature-extraction kernels. (An
important feature of LeNet is that the feature extraction kernels are learned as
opposed to being hand-crafted.) These maps are then spatially smoothed and
sub-sampled; this latter step builds in invariance to small distortions of the
input image [3,4]. In the same way, higher-level feature maps are extracted
from the sub-sampled first-level maps. The higher level maps then provide
input to a linear classification layer. Although the network has over 100,000
connections, the network structure imposes constraints so that only about
3,000 different weight values have to be learned.

LeNet has several advantages that make it attractive for recognizing charac-
ters when high variability (like we see in images of mailed envelopes) is ex-
pected. First, LeNet has state-of-the-art accuracy as illustrated by its strong
performance in a competition sponsored by NIST , the US. National Insti-
tute of Standards and Technology [5]. Second, LeNet runs at reasonable
speeds on standard hardware (~10 characters/sec on a workstation) and high
speed (~1000 characters/sec) on specialized hardware. LeNet can also be
readily trained to recognize new character styles and fonts. It works well for
both handwritten and machine printed characters.

In general, in machine-learning tasks, best performance on test data is ob-
tained by controlling the capacity of the learning machine to match the avail-
able training data. With this idea in mind, we have modified the architecture
of LeNet, hence controlling capacity, depending on the amount of training







































