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Abstract—This project describes a bag-of-words approach
for business invoice recognition. Bags of potential features are
generated to capture layout and textual properties for each field
of interest, and weighted to reveal key factors that identify a
field. Feature selection, threshold tuning, and model comparison
are evaluated. Overall, we achieved 8.81% for training error and
13.99% for testing error.

I. I NTRODUCTION
Invoice processing is one of the most critical tasks for the
financial department of any organization. In many of such
departments, invoices are still examined and entered manually,
a process that is slow, costly, prone to human errors, and has
become a bottleneck of high-speed data processes especially
when the number of invoices grows dramatically with the
development of the social economy [1]. While a standard list
of critical fields is usually visible in almost all invoices, the
choice of keywords and layout can vary largely from vendor
to vendor, creating the challenge of extracting structured
information from unstructured documents in an attempt to
automate such invoice recognition and entry process.
The invoice recognition model this project proposes intends
to yield additional insights to this problem. 8 fields of interests
(including a negative class) are identified and recognized under
the process outlined in Fig. 1.
The raw inputs are scanned invoice images. After image
processing, OCR, and pattern matching steps, a list of word
groups (tokens) and coordinates are extracted from the original
images, and are used as the actual input for the model. Bags
of potential features are generated from the actual inputs
under a set of feature selection rules to capture various
layout properties and word patterns for each field, and then
weighted using 3 classification models (Naive Bayes, Logistic
Regression, and SVM) to output a predicted field for every
word group.
II. R ELATED W ORK
Numerous image processing and machine learning attempts
have been made to tackle the invoice recognition problem from
different angles.
Image processing approaches rely on column detection and
word sequence recognition within each logically segmented
region [2], with the occasional aid of machine learning techniques for more precise region classification results. While
image processing techniques [3] can be of great aid to many
other models, a recognition algorithm centered around it overly

Fig. 1. Flow of Invoice Recognition Fig. 2. Flow of Data Preprocessing

simplifies the complex nature of invoice layout, and assumes
homogeneous properties in region segmentation based on
linear combination of rules, which is almost never the case
in practice given the unpredictable nature of invoice layout.
In need of more complex models leveraging machine learning techniques, template based classification algorithms are
proposed, where the template of an invoice (calculated and
represented by a set of layout attributes) is either matched
against a template library [1] [4], or is assigned to a cluster
of templates sharing similar properties [5]. In either approach,
the template library or cluster constantly expands when no
obvious match exists.
Template based models have the obvious benefit of being
able to recognize the entire invoice all at once through
pre-established template-specific rules, and perform the best
with high quality images and highly distinctive templates.
Unfortunately, neither is guaranteed in reality as invoices are
often poorly scanned, and the huge vendor (and thus invoice
template) pool implies frequent occurrence of invoices with
similar structure but minor (yet crucial) variance in layout and
field arrangements. In the case of template library, this could
cause critical fields to be mis-recognized following incorrect
rules. In the case of clusters, defining template ”distance” and
distinguishing minor variance within a cluster are themselves
tricky and error-prone. Such models are also memory-intensive
as the library or cluster size constantly expands.
Also available are rule-based models, where sets of handcrafted rules are weighted to capture micro-level details for
each field [6]. Such approaches avoid the inflexibility when an
invoice is treated as a whole. While hand-crafted rules work

well with invoices containing industry standard components
and layout, they imply presumptions on field properties that
are either incorrectly arbitrary (e.g., amounts are not always
right aligned) or simply not achievable (e.g., match price and
quantity with amount to identify invoice lines while not all
three fields are present in many real-world invoices).
The model proposed in this project also performs field-byfield recognition, though instead of merely determining the
weights of hand-crafted rules, a bag of potential features is
supplied to generate the best set of rules that should be used.
III. DATASET AND F EATURES
A. Dataset Generation

nearby tokens within a distance threshold, overall vertical
position, and its own type. The resulting features from each
token are then accumulated to form the bag of potential
features, where binary values are used to track whether any
given feature exists for a token. For instance, if token A is
horizontally aligned with token B, feature B halign will be
generated and be of value 1 for A and 0 otherwise. The feature
selection rules are picked to capture basic layout information,
without presumption of any standard template.
Around 8000 features were generated for the 2095 tokens
(m = 2095) in 97 invoices, and further reduced through
preliminary feature pruning (Section III-A) to exclude the
ones that only appear once (and are thus not indicative). The
remaining features (n ≈ 2000) are then put into careful feature
selection process detailed in Section V .
IV. M ETHODS
Using the scikit-learn library [12], three learning models
were trained and used to make predictions: Multinomial Naive
Bayes, Logistic Regression, and Support Vector Machines
(SVM). In all three models, the class labels y ∈ [0, 7], where 0
is the negative class, and 1-7 corresponds to invoice number,
invoice date, total amount, PO #, payment terms, due date,
and tax, respectively.
A. Multinomial Naive Bayes

Fig. 3. Sample Invoices

97 raw invoice images are obtained from the internal testing
library of Oracle Corporation, examples of which are displayed
in Fig. 3. Sensitive information has been manually replaced
with tokens (LOGO, ADDR, etc) labeled on the corners of
the bounding boxes, to preserve position without revealing
the actual text. While some are well-formatted PDF files with
hidden text, most are TIFF images that require additional steps
before PDF Layout Analysis [7] can take place to extract
word groups. The process of generating word groups and
coordinates as actual training input is outlined in Fig. 2
TIFF images are first rotated to best alignment with rotation
angle calculated from Hough Line Transform [8], and then
performed Optical Character Recognition (OCR) [9] to obtain
any textual groups exist in the image. All sample invoices
are then sent to PDF Layout Analysis, where coordinates
of tokenized textual groups are retrieved and stored. Then,
additional word processing is implemented on each token, including Porter2 word stemming [10], stopwords removal [11],
and type identification using regular expressions. 5 special
types - DATE, MONEY, NUMBER, TELE, and EMAIL - are
defined for the last process, where the exact textual values are
substituted for more generic representation.
B. Feature Generation
For each token, the following set of feature selection rules is
applied: horizontally aligned tokens, vertically aligned tokens,

In the Multinomial Naive Bayes model, we make the
assumption that the features xi are conditionally independent
given the class labels y. We used this model with Laplace
smoothing to fit parameters φy=k = p(y = k), and φj,y=k =
p(xj = 1|y = k), where k ∈ [0, 7], in order to maximize the
joint likelihood of the data, given by
L(φy=k , φj,y=k ) =

m
Y

p(x(i) , y (i) ).

i=1

The maximum likelihood estimation of these parameters are
given as follows:
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m
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After fitting these parameters, to make a prediction on a new
example with feature x, we calculate the posterior probability
for each class k using
p(x|y = k)p(y = k)
p(x)
Qn
( i=1 p(xi |y = k))p(y = k)
= PK Qn
l=1 ( i=1 p(xi |y = l))p(y = l)

p(y = k|x) =

and substituting the probabilities with the corresponding parameters. The class with the highest posterior probability will
then be our prediction.

B. Logistic Regression
In the Logistic Regression model, we first transform our
multiclass classification problem into a binary classification
problem using the one-vs-rest approach, i.e. when calculating
the probability for class k, all other classes have the same
label. In binary Logistic Regression, we use the following
hypothesis to make predictions:
hθ (x) =

1
.
1 + exp(−θT x)

This hypothesis indicates that a logistic/sigmoid curve, which
smoothly increases from 0 to 1, is fit to the data such that we
predict 1 when hθ (x) > 0.5 and 0 otherwise. Then, we choose
the logistic loss
L(z, y) = log(1 + exp(−yz))
= log(1 + exp(−yθT x)),
where z = θT x. The loss is minimized when we have a
large margin yz, and maximized otherwise. `2 -regularization
is used to combat overfitting. We used a slight variation of
empirical regularized risk function than the one from class
note to minimize:
m
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The scikit-learn implementation fits the parameter θ by solving
the dual optimization problem of L2-Regularized Logistic
Regression using coordinate descent [13].
C. SVM
As in Logistic Regression, we first use the one-vs-rest
approach to transform our problem into a binary classification
problem with labels {−1, 1} for all classes. Then, we choose
the margin-based loss function
L(z, y) = [1 − yz]+ = max{0, 1 − yz},
where z = θT x. This loss function is zero as long as the
margin yz is greater than 1 (the model makes the correct
prediction and is reasonably confident). In order to fit the
model, we try to minimize the empirical `2 -regularized risk,
given by
m
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The scikit-learn LinearSVC’s implementation of SVM uses
a linear kernel K. Based on thePrepresented theorem, we can
m
implicitly represent z = θT x as i=1 αi x(i)T x(i) . This allows
us to use the kernel trick, and rewrite the empirical regularized
risk in terms of α:

m
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2
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where K (i) is the ith column of the Gram matrix of kernel
K. The LinearSVC implementation fits the parameter α of
the model by solving the dual optimization problem of the CSupport Vector Classification formulation of SVM [14]. After
fitting the parameters, the model then makes predictions based
on the value of z = θT x.
V. R ESULTS AND D ISCUSSION
A. Metrics
Given the fact that in any invoice, there are far fewer
fields that are actually classes 1-7 than fields that belong
to Other, our data is heavily skewed towards class 0. Thus,
the accuracy (percentage error) of the overall model is not
the most informative metric, as a good classification on the
dominant class would result in a high accuracy irrespective to
performance on the minority classes. Therefore, we computed
the precision, recall, specificity, and the corresponding F1
scores for all classes. F1 score is the harmonic mean of
precision and recall [15], which allows us to combine precision
and recall, which are trade-offs of each other, into one metric.
TP
TP
, recall =
TP + FP
TP + FN
TN
precision · recall
specificity =
, F1 = 2 ·
TN + FP
precision + recall
Sometimes, however, it is useful to have a single metric
reflecting how well we perform on the minority classes (all
classes except “Other”) in the trade-off space. Therefore, we
used another metric - the average of F1 scores of all classes
weighted by the frequency of each class label. To exclude the
contribution of the majority class, we excluded the “Other”
class when calculating the weighted average F1 score.
precision =

B. Regularization Parameter Scaling
Regularization term is added to Logistic Regression and
SVM in Eq.(1-5) to reduce overfitting, where C is the regularization parameter that controls the cost of misclassification
on the training data [16]. Fig.4 shows the scaling of C with
respect to F1 score for both `1 - and `2 -regularization.
We can clearly see that the results are less desirable when
C is either too small or too large. When C is too small, the
cost of misclassification is low on the training data, resulting a
overly ”soft” hyperplane margin that risks underfitting. When
C is too large, the algorithm is forced to explain the input
data stricter as the penalty for non-separable points is high,
resulting in a model that overfits.
Although `1 -regularization is computationally more efficient
for sparse data, from Fig.4 we see that `2 -regularization in
general works better in optimizing the average F1 score we are
interested in. Thus, for our model, `2 -regularization is applied
to both Logistic Regionssion and SVM, with C = 10.72 for
Logistic Regression and C = 0.58 for SVM.

TABLE I
AVERAGE T RAINING AND T ESTING ACCURACY
Naive Bayes
(9 features)
Logistic Regression
(249 features)
SVM
(157 features)
Fig. 4. Regularization

Fig.5 evaluates the effectiveness of each feature selection
rule, where solid markers represent weighted average F1 when
only that selection rule is included (inclusion set), while hollow markers represent the case when only that rule is excluded
(exclusion set). We can easily see that horizontal alignment
(hAlign) is the most effective, with best performance in the
inclusion set and worst performance in the exclusion set, and is
followed by self type (selfTpe), nearby, vertical align (vAlign),
and position (pos). It is not a surprise that hAlign is the most
effective, as many fields of interests, regardless of the absolute
position, are horizontally aligned in a decent number of
invoices. On the contrary, while the absolute vertical position
was moderately indicative when data size was small, The
variety in invoice templates increase dramatically as data set
expands, making it harder to derive common properties in
layout structure and causing this feature selection rule to be
less instructive.
Following rule-level analysis, filter feature selection is performed on the individual features to exclude the less indicative
ones generated by effective selection rules. First, for every feature, we use the empirical distribution of each feature, p(xi ),
and that of each class, p(y), as well as their joint distribution,
p(xi , y), to compute the mutual information MI(xi , y) between
xi and y, given by the Kullback-Leibler (KL) divergence of
the distributions p(xi , y) and p(xi )p(y), as
MI(xi , y) = KL(p(xi , y)kp(xi )p(y))
X
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Fig. 5. Feature Rules Effectiveness

C. Feature Selection
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MI(xi , y) thus serves as a score, a large value of which
indicates the feature xi is strongly correlated with the class
labels and small otherwise. Therefore, we pick top scored
features in our model. To decide how many features to include,
we sweep the number of top scored features included and
use the weighted average F1 score with k-fold validation to
threshold desired performance.
Fig. 6 shows our experimental results for both training
F1 score and testing F1 score computed with k-fold crossvalidation for three algorithms. For training F1 score, both
SVM and Logistic Regression monotonically increase as more
features are included because the model is overfit. The performance of Naive Bayes, however, first dramatically improves

as number of features increases when feature size is small
and then starts to degrade when too many features are included. This is because Naive Bayes weights probabilities
of all features equally and simply multiply them together.
Therefore, the contribution of indicative features to the overall
probability decreases as more features are included, resulting
in a downgrade in performance. Similar but more exaggerated
behavior can be observed in testing F1 score for Naive Bayes.
Additionally, Naive Bayes assumes features are independent
to each other, which in many cases is not accurate. For
instance, if token ’invoice number’ is in nearby region, it is
very likely that ’invoice date’ and other header tokens are
also in the nearby region. Finally, performance of SVM and
Logistic Regression increases first before reaching constant.
The turning point of F 1 score at 434 number of features is
where we threshold amount of features to include, as including
more features will not improve the performance.
D. Overall Performance Evaluation
Table I shows the best k-fold cross validation accuracy
achieved and training accuracy for three algorithms with
corresponding number of top scored features. There is only
slight overfitting in Logistic Regression and SVM due to
application of regularization and overall accuracy is promising.
Fig. 7 shows the precision, recall, and specificity of all
classes and three algorithms on training and test data computed
with k-fold cross validation. The trade-off between precision
and recall can be found in most classes. Fig. 7(a) shows that
our models performs well across all classes on the training
data. However, comparison between 7(a) and (b) shows that
our algorithms have a high variance for Invoice Number and
PO #, which suggests overfitting. These fields are especially
prone to overfitting because their bag of features vary hugely
and we have a especially small quantity of PO # tokens.
It can be seen from Fig. 7(a) & (b) that for almost all
classes, Naive Bayes has a worse performance than Logistic
Regression and SVM in terms of both precision and recall. We
believe that this is largely due to the aforementioned fact that
the Naive Bayes model makes the assumption that all features
are conditionally independent given the class labels, which
likely does not hold in this classification context. Logistic
Regression and SVM have similar precision in all fields of
interest but PO #, Due Date, and Tax, with SVM performing
slightly better. SVM outperforms Logistic Regression for PO
#, whereas Logistic Regression has better performance for Due
Date and Tax. One major difference between these fields is that

Fig. 6. Filter Feature Selection. The solid lines are individual F1 scores for all classes and the dashed line is the weighted average F1 score
(a)

(a) Training Set with “Other”

(b)
(b) K-Fold Cross Validation Set with “Other”

(c)
(c) K-Fold Cross Validation Set without “Other”

Fig. 7. Classifier Overall Performance, measured by Precision, Recall, and Specificity

fields that are PO #’s can vary largely in terms of its type and
its position in the invoice file, whereas Due Date and Tax are
generally of the same type (date and money, respectively), and
can be identified by self type more easily. This suggests that
SVM is better than Logistic Regression at extracting the most
useful features among all when making a prediction.
Another important observation is that except Other (class
label 0), all fields of interest suffer from low recall regardless
of which algorithm is used, but have very high specificity,
whereas the Other field has very high recall but low specificity.
This indicates that it is very easy for our learning algorithms
to mis-classify fields like Invoice Number, Invoice Date, etc.
(class labels 1-7) as Other, while there are very few instances
where Other is classified as the rest of the fields. The reason
is that the Other field actually contains all different type
of fields that are unlabeled in our data, which results in a
highly skewed class distribution and leads to a very high
tendency for our algorithm to predict a field to be Other. This
argument can be further corroborated by Fig. 7(c), which is
the same plot but without the Other field. It can easily be seen
that the performance across all fields of interest dramatically
increases, especially for precision and recall. In other words,
our algorithm can reliably tell whether a field belongs to
one class or another among class labels 1-7, but because of

the presence of large amount of tokens belonging to Other
and Other exhibits large range of feature characteristics, our
performance suffers from the high rate of misclassifying 17 as 0. We believe the issue can be alleviated when more
training data are available and more type of fields of interest
are labeled in our training data.

VI. C ONCLUSION AND F UTURE W ORK
Overall, SVM produced the best results because it does not
make unnecessary assumptions like Naive Bayes does, and
can intelligently find the best margin separating two classes.
If we had more time, we would explore more ways to handle
overfitting, which includes expanding training data size, and
using wrapper model feature selection for more precise results.
Further analysis might be worthwhile on the effectiveness of
the current set of feature selection rules in capturing the inherent nature of invoice layout, and perform rule-level feature
selection on a larger pool of potential feature generation rules.
Additionally, current results are largely affected by poor OCR
performance, which suggests investigation on more optimized
OCR tools or collection of higher quality invoice images.
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