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ABSTRACT. In the digital age, the proliferation of legal documents has posed unprece-
dented challenges for document management and classification systems. Traditional
manual methods are not only labor-intensive but also struggle with the growing volume
and complexity of data, necessitating the development of automated classification tech-
niques. This paper introduces an innovative automated framework for the classification
of legal documents using image recognition technology. The framework incorporates Op-
tical Character Recognition (OCR), N-Gram tokenization, TF-IDF feature extraction,
and an XGBoost classifier to achieve high accuracy and efficiency in document catego-
rization. The OCR component converts image files into text, which is then processed by
the N-Gram tokenization to capture contextual information. TF-IDF feature extraction
assesses the significance of vocabulary, forming feature vectors for the text. The XG-
Boost classifier then uses these vectors to classify the documents. Extensive experiments
demonstrate that our approach surpasses conventional methods in both classification ac-
curacy and operational efficiency. The study also provides an in-depth analysis of the
contributions of each model component and suggests future research directions, such as ex-
panding support for multi-language documents, enhancing performance on small sample
datasets, integrating advanced deep learning techniques, and testing the model’s general-
1zation capabilities across various legal domains. This research significantly advances the
automation of legal document classification and contributes to the digital transformation
of the legal sector.
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1. Introduction. As we enter the digital era, there has been a significant surge in the
volume of legal documents [1]. This exponential growth presents novel challenges for the
management and categorization of such documents. Manual classification of legal docu-
ments, the traditional method, is increasingly impractical due to its extensive demands on
time and labor. Moreover, as data volumes expand, this approach encounters significant
difficulties in maintaining both precision and efficiency. With the onset of the digital era,
there has been a significant surge in the volume of legal documents, presenting new chal-
lenges for document management and categorization, as an effective means of extracting

text from images, has been widely used in a variety of fields, including legal, medical, and
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financial. However, the application of OCR technology only solves the problem of text
extraction, and how to further classify the extracted text accurately and efficiently is the
focus of current research [2].

This study proposes an automatic classification method for legal documents based on
image recognition technology that combines Optical Character Recognition (OCR), N-
Gram Segmentation, TF-IDF feature extraction and XGBoost classifier. Firstly, legal
documents in image format are converted to text data using OCR technique. Then, the
contextual information in the text is captured by N-Gram participle and the importance of
words is evaluated using the TF-IDF method to achieve the feature vector representation
of the text. Ultimately, the extracted features are subjected to classification utilizing the
XGBoost algorithm.

This study not only improves the automation level of legal document classification, but
also provides a new direction for future research on related technologies. By optimising
the OCR technique, improving the N-Gram disambiguation and TF-IDF feature extrac-
tion methods, and customising and optimising the XGBoost classifier, our model shows
substantial improvements across various evaluation metrics. This not only advances the
development of automatic legal document classification technology, but also supports the
digital transformation of the legal industry.

1.1. Related work. In recent years, image recognition and text classification techniques
have been widely used in the field of automatic classification of legal documents. Sun
et al. [3] studied the utilization of Optical Character Recognition (OCR) technology
facilitates the digital conversion of extensive document collections, especially in legal and
historical documents, and proposed a method to improve the recognition rate of OCR. His
research provides an important technical basis for digitisation of legal documents. Sil and
Roy [4] proposed a machine learning based classification method by analysing structured
and unstructured data in legal documents. The method combines text extraction and
classification techniques and significantly improves the classification accuracy of legal
documents in practical applications. Their research utilised OCR techniques to extract
text from images and used Support Vector Machines (SVMs) to classify them, and the
experimental results proved that the classification results were better than traditional
manual classification methods.

In the field of deep learning, Huang et al. [5] proposed a legal document classification
method based on Named Entity Recognition (NER), which relies on domain adaptation
of rule annotators to automatically extract and annotate important entity information
in legal documents. This study provides a new idea based on semantic analysis for the
classification of legal documents, but the performance of this method is more limited when
facing multi-language and multi-format documents.

In terms of hybrid models, Omurca et al. [6] proposed a document classification system
combining OCR, TF-IDF and XGBoost. The system first extracts textual information
from documents by OCR technique, then uses TF-IDF for feature extraction and finally
classifies them by XGBoost. The trials have demonstrated that employing the XGBoost
model yields superior precision and expedience when managing voluminous and intricate
legal documents, outperforming conventional classification techniques.

Although these researches provide an important foundation for automatic classifica-
tion of legal documents, current approaches exhibit certain constraints when it comes to
handling the intricacies and variety present in sophisticated document types, especially
in dealing with scenarios with diverse text formats and complex legal terminology [7].



278 C. Wen and S.-S. Liu

Therefore, how to further improve the classification accuracy and optimise the process-
ing efficiency remains an important challenge in the current research on automatic legal
document classification.

1.2. Contribution. Within the scope of this manuscript, we introduce a pioneering
framework for the automated categorization of legal documents. This framework inte-
grates a suite of advanced methodologies designed to bolster the precision and expedience
of the classification process. The framework’s implementation involves an initial pre-
processing stage, where noise removal, binarization, and skew correction are applied to
improve OCR accuracy.

Our design firstly utilises optimised OCR techniques for pre-processing and text ex-
traction of legal document images, taking measures such as noise removal, binarisation
and skew correction, especially for the complex typography and possible low resolution of
legal documents. Next, we implemented the N-Gram segmentation approach to extract
contextual cues within the text. This method is especially crucial for precisely identify-
ing technical jargon present in legal documents. We also improved the TF-IDF feature
extraction method by adjusting the calculation of word frequency and inverse document
frequency to make the model more sensitive to key terms in legal texts.

In addition, we fine-tuned the XGBoost classifier by optimizing hyperparameters—
including the learning rate, tree depth, and number of trees—to better adapt it for the
complexities of classifying legal documents. Our experiments aimed to assess not just ac-
curacy, but also a set of evaluation metrics—including precision, recall, and F1 score—to
thoroughly examine the model’s performance. Using ablation studies, we meticulously as-
sessed the impact of every model component, providing insights into the significance and
function of various techniques within the context of legal document classification. Finally,
although our design is specific to legal documents, its core techniques and framework have
cross-domain applicability and can be generalised to other types of professional document
classification tasks. These innovations not only promote the development of automatic
legal document classification technology, but also provide new directions and ideas for fu-
ture research on related technologies. We believe that these innovations will help improve
the automation of legal document processing and support the digital transformation of
the legal industry.

2. Theoretical analysis.

2.1. Image recognition technology. Image recognition technology is crucial for ex-
tracting text from images, with applications in various fields including legal document
management [8]. It finds broad applications across various industries, including au-
tonomous vehicles, surveillance systems, and medical imaging analysis. On the basis of
image recognition, the system extracts useful information by analysing the features of the
image [9]. Generally speaking, the fundamental steps in image recognition comprise image
preprocessing, feature extraction, and the classification phase. Within this process, fea-
ture extraction frequently leverages deep learning architectures like Convolutional Neural
Networks (CNNs), which are adept at identifying complex patterns and high-level features
within images [10]. The underlying principle of CNNs can be formulated as:

y=f(WxX+0) (1)

where X denotes the input image, W signifies the convolutional filters, b represents the
bias, and y is the resultant output following the application of the activation function.
Through multilayer convolutional operations, complex patterns and features in the image
are gradually extracted and used for subsequent classification tasks.
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Optical Character Recognition (OCR) is an important application area of image recog-
nition technology, specialising in the extraction of text from images or scans [11]. The
core objective of OCR is to recognise and convert characters in an image into machine-
readable text. This approach is particularly essential for handling extensive legal doc-
ument datasets, as it enables swift identification and retrieval of crucial data from the
documents. The working principle of OCR can be broken down into two main steps: text
area detection and character recognition [12].

In the phase of text region identification, the algorithm employs image processing meth-
ods, such as edge detection and morphological operations, to pinpoint the textual segments
within the image. This process can be encapsulated by the following formula:

T = Detect () (2)

where [ is the input image and T} is the detected text region. In the character recognition
stage, the system uses a classification algorithm to convert the pixel data in the text region
into characters. Assuming that the detected text region is represented by a pixel matrix
X, the character recognition process can be achieved by the classification function f(z):

C = f(X) (3)

where C' is the character or word recognised.

In the automatic classification of legal documents, OCR is a key step in extracting text
data, but to improve the accuracy of classification, it is also necessary to combine advanced
data mining with focusing models [13]. The text data extracted by OCR can be further
processed by Natural Language Processing (NLP) technology to extract key information
such as case number, law articles, etc [14]. Leveraging these extracted features, the
system can then deploy targeted models, like Random Forest or Support Vector Machine,
to effectuate precise document classification.

The core idea of the focusing model is to perform efficient classification based on the
extracted features. Assuming that the text data obtained from OCR is T, the focusing
model extracts the features F' based on this data, and then classifies the document by a
classifier:

y = Classify(F) (4)

where F' = Extract Features(T') and y is the classification result of the document. By
integrating with the focal model, OCR enhances the precision and expedites the process
of automated document classification.

2.2. Focused model. With OCR technology converting legal documents into textual
data, the next challenge we face is to extract key information from these texts that can
significantly impact classification decisions [15]. The text focus model employs the N-
Gram disambiguation technique to segment the text into finer units, thereby capturing
the contextual nuances within the textual content. Then, the model utilizes the TF-IDF
(Term Frequency-Inverse Document Frequency) approach to assess the significance of each
word within the document. This process results in a feature vector representation for the
text, as depicted in Figure 1.

(1) N-Gram Segmentation. The N-Gram participle technique, also known as the n-
tuple model, is a statistically based method for processing natural language [16]. It treats
words, phrases or words in a text as random variables that follow a certain probability
distribution. The essence of the N-Gram model is that the likelihood of a word occurring
is influenced not merely by the word itself, but also by the context provided by the
preceding words. This model posits that the emergence of a word at the Nth position
is solely contingent upon the (N — 1) words that come before it [17]. Consequently, the
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N-Gram Tokenization
(Captures context information)
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Calculate TF Calculate IDF
(Term Frequency) (Inverse Document Frequency)
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Calculate TF-IDF
(Feature Vectorization)

Figure 1. A Focused model

probability of an entire sentence occurring can be viewed as the multiplication of the
individual conditional probabilities starting from the first word up to the Nth word.
The sequence of an N-Gram model can be visualized as a chain of elements: NGRAM (1), NGRAM (2)
with each NGRAM (i) signifying a consecutive string of n words, commencing from the
1th word.

n
P(Wy, Wy,...,W,) = [[PWiW7, ..., Wisy) (5)
i=1

Although the N-Gram model can provide powerful text representation, it also faces the
problem that the parameter space grows exponentially with the increase of N, which may
lead to data sparsity and large consumption of computational resources [18]. To address
these issues, smaller values of NV, such as 2 (Bi-Gram) or 3 (Tri-Gram), are usually chosen
in practical applications to strike a balance between the model’s complexity and the
practicality of computation.

In legal document classification, the N-Gram segmentation technique can help us cap-
ture the contextual relationship between words and provide richer feature information for
the classification model. For example, the Bi-Gram model can split the phrase “legal doc-
ument classification” into two consecutive lexical units, “legal document” and “document
classification”, thus providing useful information for classification. The phrase “legal doc-
ument classification” can be split into two consecutive lexical units, “legal document” and
“document classification”, thus providing useful information for classification.

To deal with data sparsity, techniques such as Laplace smoothing are often used [19].
Laplace smoothing modifies the probability estimates by incrementing the counts with a
small constant—typically 1—to mitigate the issue of zero probabilities. This adjustment
can be represented by the equation:

count(W;, W;;1) + 1

PWinlWs) = count(W;) + N

(6)

where count(W;, Wi, 1) denotes the frequency with which the word pair (W;, W, 1) occurs
in the dataset, while NV represents the total count of unique word pairs across the dataset.
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In this way, the N-Gram disambiguation technique not only provides fine-grained fea-
tures of the text, but also helps us to construct a classification model for legal documents
that is both accurate and efficient.

(2) TF-IDF vectorisation: TF-IDF is calculated by the product of term frequency and
inverse document frequency, if the word 7T; has a high number of occurrences in a certain
text (TF high) and rarely occurs in other texts (IDF high), then 7; is considered to have a
high role in category differentiation (TF-IDF high) [20]. It can be seen that TF portrays
the importance of T; for a particular text and IDF portrays the importance of 7T; for the

whole text set (corpus). The steps for its computation are as follows.

Calculate TF: N
TF, = — % (7)
v Zk Nij
where N;; represents the frequency of term 7; in document D;, while the denominator
denotes the total count of all terms present in document D;. Here it is standardised by
dividing by the denominator, and other standardisation methods can be used in practice.

Calculate the IDF:
D] (8)
{J: Ti € D;}|
where |{j : T; € D;}| denotes the count of documents that include the term 7;; |D|
signifies the overall count of documents in the dataset.
IDF is also calculated in various ways, e.g.:
D]
08, =1 (107 ) ¥
Here, the denominator +1 is to eliminate the case where the denominator is 0.
Calculate the TF-IDF:

IDF, = log

TFI-DF = TF x IDF (10)

2.3. XGBoost classification model. After obtaining the text features, XGBoost is
used to classify the text [21]. The idea of XGBoost algorithm is the same as the idea of
boosting tree in integrated learning. Boosting tree is the learning framework in integrated
learning, and its training is based on the residuals. The model at stage n takes as input
the residuals from the prediction outcomes of the preceding model at stage n — 1, with
the training of each model occurring sequentially over time [22]. The goal of each model
training is to make the residuals smaller and smaller, and it can be seen that the final
training result is actually a look-add of the training result of each model, as in Figure 2.

[ DataSource ] [ Data_Preparation ] [ Model Development ] [ Model Evaluation ] [ Results DB ]
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Figure 2. A XGBoost model

The models in the aforementioned training process are identified as “trees”, and each
cycle of XGBoost training introduces a new tree to address the discrepancies between
the actual and forecasted values from the prior cycle, thus gradually approximating the
actual values [23].
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The objective function O,; during XGBoost training model is:
Op =L+ _Q(f) (11)
i=1

where L is the error term and 2321 Q(f;) is the complexity function term.

L= Z(% - Z?i)Z (12)

k
b=y felz:), fr€F (13)
k=1

where z; represents the training dataset; y; denotes the label associated with x;; I signifies
the entire feature space; f is an individual feature within F'; K indicates the total count
of trees; and y; is the predicted value for the training instance x; after all trees have been
applied.

The loss term L is calculated by aggregating the discrepancies between the predicted
values following the training on the entire dataset and the actual values. Concurrently,
the predictions generated in each iteration serve as adjustments to the residuals from the

preceding iteration [24]. Suppose the forecast generated by the model at step s is denoted
(s

as ) then the forecast at each iteration can be articulated as:
70 =0 (14)
= i) = 3" + () (15)
= filz:) + folz) = 3" f( i) (16)
*3) = e+ ol S5l = 5 + S (17)
i Z filws) = 37 + () (18)

The predicted value g}z-(s) at step s is derived from the sum of the prediction f,(x;) made

at step s and the estimate from the previous step s — 1. This aggregated result is then
plugged into the error term to formulate the objective function.
n
O =3 "(wi— @5V + fula)* + ZQ £ (19)
i=1
In the context of the s-th training iteration, the outcomes from step s and earlier
are considered known and can be regarded as constants for subsequent derivations. The
complexity function term Q(f;) is primarily influenced by the number of leaf nodes 7" in
the tree and the weights w; associated with these leaf nodes, which can be expressed as:

T
1
QUf) =T+ W (20)
j=1
where v, A are hyperparameters that regulate the number of leaf nodes and the weights,
respectively.

3. A model for automatic classification of legal documents assisted by image
recognition techniques.
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3.1. Modeling framework. Our end-to-end automated process is robust against varia-
tions in image quality, our advanced preprocessing techniques that cater to images with
low resolution or complex typography. One of the core innovations of our modelling frame-
work is the implementation of an end-to-end automated process that converts image inputs
of legal documents directly into classification outputs without any human intervention.
This process covers the key steps of image preprocessing, text extraction, feature extrac-
tion and classification decision making, ensuring efficient and highly accurate processing,
see Figure 3.

% Provides legal document images | i . .
g mage Preprocessing

Document Provider

Preprocess images

. Extracts text i .
Feature Extraction Optical Character Recognition (OCR)

Extracts features

. | Outputs classification results -
Classification Model (XGBoost) ] o Cllossifieation Resulis

Figure 3. A mixed model for automatic classification of legal documents assisted

(1) Image pre-processing. Image preprocessing is a crucial step in the process of au-
tomatic classification of legal documents, which directly affects the quality of subsequent
text extraction and the accuracy of classification. The preprocessing process mainly in-
cludes operations such as de-noising, binarisation and skew correction, aiming to improve
image quality and provide clear image data for text extraction and feature extraction.

De-noising is the first step in pre-processing, which aims to remove random noise from
the image and make the text clearer. We usually use a Gaussian filter to smooth the
image and reduce the effect of noise on subsequent processing.

This is followed by the binarisation step, which converts the image to contain only
black and white, making the text more clearly separated from the background. This step
is achieved by setting a threshold T" with the following formula:

255 if I(z,y) > T

i (21)
0 otherwise

Ibinarized(xa y) = {

In this way, the text portion of the image is converted to white (or black) while the
non-text portion is converted to black (or white), providing a clear boundary for text
extraction.

Finally, the tilt correction step is used to adjust the image tilt due to incorrect shooting
or scanning angle. This step corrects the image by detecting the tilt angle of the text
lines and applying a rotation transformation to ensure that the text lines are horizontally
aligned. The tilt angle 6 can be calculated using the following formula:

x ext re; iony
0 = arctan (Z( ) Ctext reg ) (22)

Z(:c,y)etext region z

This formula determines the tilt angle by calculating the centre-of-mass offset of the
text region, and then applies a rotation transformation to correct the image.
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With these preprocessing steps, we are able to significantly improve the recognition
accuracy of our OCR technique and provide high-quality image data for subsequent feature
extraction and classification decisions. The combination of these techniques ensures that
our model is able to handle legal document images of various qualities, including those of
low quality due to poor scanning or shooting conditions, thus laying a solid foundation
for efficient and accurate automatic classification of legal documents.

(2) Text Extraction. In the legal document classification process, documents are input
in the form of images, which first need to be converted into processable text data by
OCR technology. We used Tesseract OCR, which has good performance in multilingual
environments and is able to handle legal documents with low resolution or complex ty-
pography. In the image pre-processing stage, we performed noise removal, binarisation
and skew correction on the documents to improve the recognition accuracy of OCR.

Text extracted by OCR is cleaned and pre-processed, including the removal of stop
words, special characters and symbols to ensure the effectiveness of subsequent process-
ing. This step is especially important for documents in different formats (e.g. contracts,
judgements, pleadings, etc.), as legal documents often have complex typography and ter-
minology.

(3) Feature extraction. In the process of text feature extraction, this paper adopts the
combination of N-Gram segmentation and TF-IDF to enhance the accuracy of text rep-
resentation. N-Gram segmentation is an effective method of text feature representation,
which is able to capture the contextual relationship between words, especially in legal
documents, where there are often phrases or terms that have special meanings.

Following the extraction of N-Gram features, we proceed to convert the text into vectors
utilizing the TF-IDF method. This approach not only assesses the significance of a word
within an individual document but also diminishes the impact of words that frequently
appear across the entire document collection through the IDF component. This is partic-
ularly beneficial for capturing specialized legal terminology present in legal documents.

(4) Classifier design and optimisation. After feature extraction, we use XGBoost as
a classifier. XGBoost is a high-performance machine learning algorithm that builds on
the Gradient Boosting Decision Tree (GBDT) framework. It is adept at handling high-
dimensional and sparse data sets, and it incorporates self-regularization during the train-
ing phase, which helps to mitigate overfitting. The core of XGBoost lies in the reduction
of error and minimisation of the loss function by adding weak classifiers step by step.

To enhance the model’s performance even further, we employed cross-validation and
grid search techniques to fine-tune the hyperparameters of the XGBoost algorithm. This
optimization targeted aspects such as the depth of the trees, the learning rate, and the
quantity of weak classifiers utilized in the training process [25]. The specific hyperparam-
eters that were optimized encompass:

e learning rate: modulates the impact of each individual tree’s prediction on the overall
loss.

e max_depth: restricts the depth of the trees to avoid overfitting.

e subsample: prevents overfitting of the model to certain training samples.

The optimised XGBoost classifier shows good generalisation performance on multiple
types of legal documents.

Through this end-to-end automated process, our model not only improves the speed
and accuracy of legal document classification, but also reduces the possibility of human
error. The implementation of this automated process is a major innovation in the field
of legal document classification, which provides a new solution for automated processing
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of legal documents. We believe that this automated process will further promote the
automation and intelligent development of legal document processing technology.

3.2. Evaluation indicators. Evaluation metrics such as precision rate, accuracy rate,
recall rate, and F'1 value are mainly used to evaluate the effectiveness of bidding document
classification achieved in this paper, in which the F1 value is a comprehensive assessment
of the recall rate and precision rate [26]. In multi-classification problems, the final results
of F1, recall and other metrics are obtained after macro-averaging, i.e., the values of F1
and other metrics are calculated according to each class (label) and then averaged to
obtain the results. The following is an example of a 3-classification problem to introduce
the specific calculation method. The confusion matrix of the 3-classification problem is
shown in Table 1.

Table 1. A confusion matrix for evaluating classification models.

Category The number predicted | The number predicted | The number predicted
to be Class A to be Class B to be Class C
A AA AB AC
B BA BB BC
C CA CB cC

In the case of category A, this can be calculated by using the confusion matrix in Table
3:

TP, = AA (23)
FPy=BA+CA (24)
FN, = AB + AC (25)

Where T'P4 denotes the count of instances belonging to class A that are accurately identi-
fied as such; F'P,4 represents the count of instances not belonging to class A but erroneously
classified as class A; and F'N,4 indicates the count of instances that are part of class A
yet incorrectly assigned to other classes.

TPy

A 2
PA= TP T FP, (26)
TP,
S — 927
AT TP+ FN, (27)
2XpaXTa
Fl, = 22PAXTA 28
4 pa+71a (28)

where p4 is the precision rate of Class A samples; r4 is the recall rate of Class A samples;
F'1, is the F1 score of Class A samples.

Using the same method the precision pg, recall rg, and F1 score F'1g can be calculated
for the class B samples and the precision p¢, recall r¢, and F1 score F'1- can be calculated
for the class C samples, so the final evaluation result of the model is:

By employing the same approach, the precision pg, recall rg, and F1 score F'l1g can be
determined for class B instances, and similarly, the precision p¢, recall ro and F1 score
F1¢ can be ascertained for class C instances. Consequently, the overall model evaluation

is derived from these metrics.
_ pa+pB+pc

: (29)
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_ra+trp+rc

30
' : (30)
F1 F1 F1
F1=a7 3’3 Tre (31)
The overall accuracy of the model « is:
AA+ BB+ CC
a i i (32)

T AA+AB+AC+BA+BB+BC+CA+CB+CC

where F1 is the overall F1 score of the model [27]. The accuracy rate « indicates the
general performance of the predictions, signifying the proportion of samples that are
correctly identified. The precision rate p denotes the model’s ability to accurately identify
negative samples, with higher values indicating greater discriminative power. The recall
rate r measures the model’s effectiveness in recognizing positive samples, where a higher
value suggests a stronger ability to detect positive instances. The F'1 score serves as a
comprehensive assessment, striking a balance between precision and recall.

4. Performance testing and analysis.

4.1. Ablation Experiments. We first constructed a base model that only utilises OCR
technology for text extraction and does not involve feature extraction or classification
processes. This stage aims to assess the fundamental performance of OCR in recognizing
text and to establish a baseline for the integration of additional components later on.

On the basis of the base model, we introduce the N-Gram segmentation technique. By
generating N-Gram feature representations, the model successfully identifies the contex-
tual interconnections among words within the textual content. Experimental results show
that the introduction of N-Gram disambiguation significantly improves the classification
accuracy of the model, which suggests that N-Gram disambiguation plays an important
role in recognising phrases and specific terms in legal texts.

Next, we added TF-IDF feature extraction to the model. TF-IDF further enhances
the quality of the feature representation by assessing the significance of words within the
document, thus improving the classification results. By comparing the models using only
N-Gram disambiguation and using both N-Gram disambiguation and TF-IDF features, we
find that the introduction of TF-IDF significantly improves the classification performance.
TF-IDF makes the model more focused on the key legal terms by reducing the impact of
frequently occurring words.

Finally, to evaluate the performance of the classifier, We conducted a comparison be-
tween XGBoost and several other prevalent classification methods, including Support
Vector Machine (SVM) and Random Forest. The data presented in Table 2 illustrates
that XGBoost excels in terms of both accuracy and F1 scores, markedly surpassing other
classification models. This suggests that XGBoost’s attributes are particularly advanta-
geous for managing the complexities of legal text classification challenges.

The ablation experiments results indicate that the inclusion of N-Gram segmentation
and TF-IDF feature extraction significantly enhances the model’s ability to capture con-
textual relationships and specialized legal terminology.

4.2. Comprehensive experiments. The extensive experimental section is designed to
thoroughly assess the efficacy of our proposed automatic legal document classification
model when applied to real-world scenarios and to contrast its performance with other
cutting-edge classification techniques. We've chosen a range of established classification
techniques—including SVMs, Random Forests, and Naive Bayes—as well as advanced
deep learning models like CNNs and LSTM networks—to benchmark against our approach
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Table 2. Results of ablation experiments

Model Accuracy | Precision | Recall | F1
Baseline Models 65.3 63.1 60.5 |61.8
N-Gram Segmentation 74.1 72.5 70.3 | 714
N-Gram + TF-IDF 80.6 78.3 76.8 | 775
SVM 78.2 76.1 74.0 |75.0
Random Forest 76.5 74.2 72.1 | 73.1
XGBoost 84.5 82.0 80.0 [80.9

for classifying legal documents. This comparison allows us to evaluate the performance
of each method within this specific domain.

The dataset used for the experiments covers a wide range of types of legal documents, in-
cluding contracts, judgements and pleadings. The dataset was partitioned, allocating 70%
for training, 15% for validation, and the remaining 15% for testing purposes. To maintain
impartiality, each model undergoes training on an identical dataset and subsequent assess-
ment on a consistent test dataset. We employ a suite of evaluation metrics—comprising
accuracy, precision, recall, and the F1 score—to provide a comprehensive analysis of the
performance across all models.

Throughout the training phase, we conducted hyper-parameter tuning for both the
SVM and Random Forest classifiers to achieve optimal results for the given tasks. For
SVMs, we experimented with both linear and RBF kernels, while for Random Forests,
we optimized the number and depth of the trees using grid search techniques. In the
case of deep learning models, we meticulously adjusted their architectural configurations
and hyperparameters—such as the learning rate, batch size, and epochs—to enhance the
classification outcomes for both CNNs and LSTMs.

The experimental data is depicted in Figure 4, illustrating a comparison of the perfor-
mance across various models on the test dataset. A comparative analysis of our model
with other state-of-the-art classification techniques, such as SVMs and Random Forests,
reveals that XGBoost outperforms these methods in terms of accuracy and F1 score,
particularly when classifying complex and high-dimensional legal document data.

In conclusion, our extensive experiments confirm the efficacy of our proposed model
and highlight the suitability of various algorithms for classifying legal documents. For
future endeavors, we aim to investigate the integration of these algorithms to potentially
elevate the model’s performance and reliability.

5. Conclusion. Within this document, we introduce a framework for the automated cat-
egorization of legal documents that leverages image recognition technologies, addressing
the challenges of efficiency and precision that are commonly encountered with conven-
tional manual sorting approaches. Our method converts images of legal documents into
text data through OCR technology, captures the key information of the text using N-
Gram segmentation and TF-IDF feature extraction techniques, and applies the XGBoost
algorithm to classify these features. In a comprehensive set of trials, we demonstrate
how our approach enhances both the precision and expeditiousness of classifying legal
documents, surpassing the capabilities of traditional manual methods.

Despite the positive results, our study has some limitations. Firstly, our model may
face challenges in processing legal documents in multilingual and non-standard formats,
as OCR techniques and feature extraction methods may need to be adapted for specific
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Figure 4. Synthesize the results of the experiment

languages and formats. Second, our model may not perform as well on small sample
datasets as large-scale datasets, which limits its application in data-scarce domains. In
addition, the generalisation ability of the model has not been fully validated in diverse
legal domains, which needs to be further explored in future research.

To address these limitations, our future research directions will focus on the following
areas. Firstly, we plan to extend the model to support multilingual and different formats
of legal documents, which may involve the development of more advanced OCR techniques
and adaptive feature extraction methods. Next, we intend to investigate the potential of
semi-supervised and unsupervised learning techniques to bolster the model’s performance
when dealing with datasets that have limited samples. Furthermore, we plan to explore
the incorporation of advanced deep learning methodologies, especially the latest develop-
ments in natural language processing, into our framework. This integration is expected
to significantly enhance the precision and stability of our classification system. Finally,
we plan to test and optimise our model in a wider range of legal domains and real-world
application scenarios to validate its generalisation ability and usefulness.

In conclusion, the automatic classification method for legal documents based on image
recognition technology proposed in this paper provides an effective solution for efficient
management and automated processing of legal documents. Although there are some
limitations, we believe that through continuous research and improvement, our method
will make an important contribution to the digital transformation of the legal field.
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