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ABSTRACT

Automatic postal sorting systems have traditionally relied
on optical character recognition (OCR) technology. While
OCR systems perform well for flat mail items such as en-
velopes, the performance deteriorates for parcels. In this
study, we propose a new multimodal solution for parcel sort-
ing which combines automatic speech recognition (ASR)
technology with OCR in order to deliver better performance.
Our multimodal approach is based on estimating OCR output
confidence, and then optionally using ASR system output
when OCR results show low confidence. Particularly, we
proposed a Levenshtein edit distance (LED) based measure
to compute OCR confidence. Based on the OCR confidence
measure, a dynamic fusion strategy is developed that forms
its final decision based on (i) OCR output alone, (ii) ASR
output alone, and (iii) combination of ASR and OCR outputs.
The proposed system is evaluated on speech and image data
collected in real-world conditions. Our experiments show
that the proposed multimodal solution achieves an overall
zip code recognition rate of 90.2%, which is a substantial
improvement over ASR alone (81%) and OCR alone (80.6%)
systems. This advancement represents an important contri-
bution that leverages OCR and ASR technologies to improve
address recognition in parcels.

Index Terms— Automatic Speech Recognition, Optical
Character Recognition, Parcel Sorting, Address Recognition

1. INTRODUCTION

Parcel sorters are large machines that automatically sort and
direct mail towards their destination. Parcel sorting technol-
ogy provides greater speed, efficiency, and reliability to mail
delivery while cutting operational cost. The key step in auto-
matic parcel sorting is reliable automatic identification of the
address information on individual mail items. Traditionally,
optical character recognition (OCR) has been used widely for
reading addresses on mail items. While OCR performs ex-
tremely well on flat mail items (also known as flats) such as
envelopes, its performance is lower on parcels. Address labels
on flats are generally more consistently oriented and provide
a strong black-font on white-background contrast resulting in
better OCR performance. However, address labels on parcels

are inconsistently placed, often covered with plastic, and the
parcel itself could be irregularly shaped resulting in poorer
OCR performance. Consequently, there is a need to improve
automatic address recognition accuracy for parcels.

In this study, we explore the possibility of using automatic
speech recognition (ASR) together with OCR to deliver im-
proved address recognition accuracy for parcels. While mul-
timodal approaches that combine OCR and ASR system have
been explored in other domains [1, 2], the application domain
of postal automation is relatively under explored. Here, it is
important to note that parcel sorters are generally operated by
a single person, whose primary job is to pick up the parcel and
place it on the sorting machine conveyor belt. In the proposed
multimodal solution, the operator is assigned a secondary job
where he/she reads the address label while placing the par-
cel. In this manner, the necessary speech input for the ASR
system can be obtained. It is also important to note that the
operation is minimally effected as the operator is generally
only required to speak the zip code (or the first three digits of
the zip code).

In the proposed multimodal approach, the ASR and OCR
systems work independently to decode the best results, which
is later combined to deliver superior performance. Particu-
larly, the combination logic examines the OCR output and
generates a confidence score. If the OCR output is gener-
ated with high confidence, then ASR output is not used for
final processing of the result. Additionally, if the OCR out-
put is generated with low confidence, then the OCR output
is not trusted and the ASR output alone is used for process-
ing the final output. Finally, if the OCR output is generated
with medium confidence, then a combination of OCR and
ASR outputs is used to process the final result. In order to
place the OCR output in high, medium, and low confidence
categories, a confidence measure based on Levenshtein edit
distance (LED) is proposed. The LED based measure is very
efficient and effective at utilizing ASR output when OCR out-
put is unlikely to be correct.

In general, the acoustical environment of a parcel sort-
ing machine is noisy, and is dominated by noise made by
moving machine parts. This noise tends to be non-stationary
and lowers ASR performance accuracy. In this study, we also
examine the possibility of using a physiological microphone
(PMIC) for speech input. Unlike a traditional close talking



Fig. 1. Multimodal Postal Address Recognition System: (Step-1) ASR and OCR decoding, (Step-2) Database association,
(Step-3) Normalized Levenshtein’s Edit Distance Computation, and (Step-4) Fusion Evaluation with Edit distance measures.

microphone (CTM), PMIC is a contact microphone that cap-
tures the speech signal through skin vibrations [3, 4]. This
study compares performance of PMIC to CTM and demon-
strates the noise robustness that can be achieved with PMIC.

We evaluate and report the results for the proposed mul-
timodal solution on realistic image and speech datasets. The
postal address image labels were collected using a postal
sorter machine under operational conditions, and consist of
artifacts that are encountered in real-world conditions. The
speech data was collected in presence of background acoustic
noise that is typical to the postal sorting environment. Our
experiments reveal that the proposed multimodal solution
outperforms the OCR-only baseline by reducing the number
of errors by 50%. The proposed system is currently opera-
tional and is part of the Siemens Mobility postal automation
solutions [8].

2. SYSTEM DESCRIPTION

2.1. Baseline OCR System

The baseline system for parcel sorting system uses OCR only.
The postal address images are first binarized where they are
converted to a deskewed grey scaled representation. This
process uses the hysteresis thresholding algorithm [5]. Af-
ter the binarization process, layout analysis is performed to
identify individual text line segments inside the postal image.
This step employs the Resolution by Adaptive Subdivision of
Transformation Space (RAST) page segmentation algorithm
to achieve line segments and identify them as text/ non-text
[6]. Given the system is only concerned with identification of

the zip code (optionally with city and state), the last part of the
postal label is extracted with the help of the line segmentation.
Finally, the extracted text line segment is fed to the OCRs line
recognizer for generate a raw OCR text output. We compare
the raw OCR output with a master address database that con-
sists of all U.S. city-state-zip code combinations. Here, the
distance between raw OCR output and the database entries
is computed using the normalized Levenshteins edit distance
(NLED) [7], defined by

NLED(si, sj) =
LED(si, sj)

length(si)× length(sj)
, (1)

where si and sj are strings, LED is Levenshtein’s edit dis-
tance, and length is the string length. Thereafter, the database
entry with the smallest NLED is treated as the system output.
The purpose behind using the normalized version of LED is
to remove the variations observed due to the difference in the
length of the strings. While running the OCR line recognition,
it is likely that the city name text is not recognized properly
whereas the zip code digits have higher accuracy. NLED is
used to overcome this inherent weakness by normalizing the
edit distance over the combined length of both the strings.
This ensures that the edit distance is not biased towards the
shorter string.

2.2. Proposed Multimodal System

The proposed multimodal system combines OCR and ASR
systems. As shown in Fig. 1, the system captures audio and
image input at the start of the operation. The audio is then



Fig. 2. Samples images of postal address labels used for OCR
(optical character recognition) in this study highlighting data
variability and distortion.

decoded by ASR (Step 1a) to generate a 1-Best hypothesis
which consists of state and 5-digit zip code. In parallel, the
address image is decoded by the OCR baseline system de-
scribed earlier (Step 1b). Here, the NLED between the OCR
system output and the raw OCR output (MT in Fig. 1) is com-
pared to a threshold (τ1). If the NLED (MT ) is below thresh-
old (τ1), then the OCR system output is treated as final output.
This step reflects our confidence in the OCR output. Since the
raw OCR output is not driven by grammar or vocabulary con-
straints, it is very unlikely that the raw OCR output containing
the city-state-zip string matches a valid address perfectly (or
near perfectly). Our intuition is verified in our experimental
studies where we have found that the NLED is a very good
predictor of OCR output confidence.

Now, if MT exceeds threshold τ1 then the ASR output
is also taken into consideration for final output generation. In
fact, the ASR generated output is used to narrow down the list
of possible address options from the master address database
(Step 2). This is done by using the SCF (sectional center facil-
ity) part of the zip code (i.e., the first 3-digits of the zip code)
to extract a pruned list of addresses from the master address
database containing matching SCF. Now, OCR decoding is
performed again on the image while using this pruned list to
constrain the decoding path. As a result, a new raw OCR out-
put is obtained which is again compared to the master address
database to yield a second NLED measure (MO). Now, MO

is compared to threshold τ2 and if MO is below τ2 then the
ASR-constrained OCR output is treated as the final system
output. If MO exceeds τ2, then the OCR output is discarded
and the ASR output is treated as the final system output.

In this manner, the proposed system uses NLED to deter-
mine if the OCR output is high or low confidence. High con-
fidence outputs are trusted as final output, and low confidence
outputs trigger further processing. In this study, the values of
thresholds τ1 = 0.2 and τ2 = 0.3 were set experimentally.

2.3. Automatic Speech Recognition System

Here, we briefly describe the speech recognition system used
in this study. The acoustic models for the ASR system were
trained using context dependent HMMs (hidden Markov
models) and standard MFCC (Mel frequency cepstral coeffi-
cient) features. Particularly, the acoustic model consisted of
3-state 32-mixture HMMs with 1000 tied-states. Using this
HMM topology, whole word models were trained for digits
and state names. The acoustic models were trained separately
for CTM and PMIC microphones. The ASR system also used
a constrained state and zip code grammar for decoding.

3. EXPERIMENTAL SETUP

3.1. Postal Address Image Corpus

As part of this study, 400 realistic images of postal address
labels were obtained directly from the postal sorter machine.
Here, the parcel sorter photographed the address labels of the
parcels that were placed on the system. Realistic parcels con-
sisting of a wide variety of shapes and sizes were used for data
collection. In this manner, the collected data set contained a
wide variety of distortions (see Fig. 2). The prominent vari-
ability in the database includes different types of fonts, hand-
written address labels, distortion due to plastic coverings and
background, curved surfaces and smudged text.

3.2. Postal Address Speech Corpus

For this study, speech data was collected from 40 subjects
(20 male and 20 female). All subjects were native speakers
of American English. Data from 16 male and female speak-
ers (approximately 10,000 read-outs of address labels) were
collected under normal recording conditions for training the
acoustic models. Data from the remaining 4 male and 4 fe-
male subjects (approximately 2500 read-outs) was collected
in normal as well as noisy recording conditions, and used for
evaluating the system. The ambient noise conditions were
created by playing the noise recording through two speakers
(located in front and behind the subject). The noise recording
was obtained from a postal sorting facility and consisted of
a shop-floor environment (with machines, conveyors, people
shouting/talking, parcels/packages falling etc.). The average
SNRs (signal to noise ratios) for normal and noisy recording
conditions were measured to be 20dB and 10dB, respectively.
All speech data was collected simultaneously using the close
talking (CTM) and physiological (PMIC) microphones. In
this study, the PMIC was positioned on the speaker’s throat.

4. RESULTS AND DISCUSSION

Table 2.2 compares the performance of the baseline OCR sys-
tem with the proposed multimodal (ASR+OCR) system. The
results for the standalone ASR system are also shown. The



Table 1. Comparing performance of the OCR (baseline), ASR and combined OCR and ASR (proposed multimodal system)
System Description Word Error Rate State Error Rate SCF Error Rate City Error Rate Zip Error Rate
OCR Baseline - 11.2% 14.4% 14.6% 19.4%
ASR CTM-Normal 3% 2.3% 6.7% 11.8% 11.8%
ASR CTM-Noisy 19% 18% 27.5% 40.8% 40.8%
ASR CTM-Average 11% 10.1% 17.1% 26.3% 26.3%
ASR PMIC-Normal 3.9% 2.5% 6.6% 13.2% 13.2%
ASR PMIC-Noisy 7.9% 6.6% 12% 24.8% 24.8%
ASR PMIC-Average 5.9% 4.5% 9.3% 19% 19%

OCR+ASR Multimodal - 3% 4.7% 6.8% 9.8%

results for all the systems can be compared in terms of zip
code recognition error rates, along with city, state, and SCF
(Sectional Center Facility; first 3 digits of the zip code) error
rates. In terms of difficulty, correct detection of state and SCF
is relatively easier than city and zip code.

From Table 2.2, it is seen that the baseline OCR system
delivers a zip code error rate of 19.4%. In comparison, the
ASR-only systems based on CTM and PMIC microphones
deliver zip code error rates of 26.3% and 19%, respectively. In
order to demonstrate the utility of PMIC in noisy conditions,
the results for normal (20dB SNR) and noisy (10dB SNR)
conditions are shown separately for PMIC and CTM. It is seen
that under normal conditions, CTM performs marginally bet-
ter than PMIC (i.e., 11.8% zip code error rate vs. 13.2%),
but PMIC significantly outperforms CTM in noisy conditions
(i.e., 24.8% zip code error rate vs. 40.8%). As a result, on an
average PMIC performs better than CTM on zip, city, state,
and SCF recognition. Therefore, in this study we have used
PMIC as the default ASR system in the proposed multimodal
system. Finally, it is also seen from Table 2.2 that the pro-
posed multimodal solution delivers a zip code error rate of
9.8%, which is significantly better than OCR-only (19.4%)
and ASR-only (19%) systems. In fact, the proposed multi-
modal system delivers a better recognition rate for SCF, state,
and city as well.

5. CONCLUSION

In this study, a new multimodal system for postal address
recognition has been proposed. The multimodal system offers
an efficient and effective technique of incorporating ASR into
traditional OCR based parcel sorting machines. The study has
proposed a new measure of confidence for OCR output that is
based on normalized Levenshtein’s edit distance (NLED). Us-
ing the new measure, the multimodal system makes dynamic
decisions in terms of using (i) OCR, (ii) ASR, or (iii) com-
bined OCR and ASR systems for processing results. The pro-
posed system has been evaluated on image and speech data
collected in realistic conditions where it has been shown to
outperform standalone best ASR and OCR systems. The pro-
posed system provides a practical solution to parcel sorting

problem, and is being used as part of Siemens Mobility postal
automation solutions [8].
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