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Abstract

:

In this study, an automatic receipt recognition system (ARRS) is developed. First, a receipt is scanned for conversion into a high-resolution image. Receipt characters are automatically placed into two categories according to the receipt characteristics: printed and handwritten characters. Images of receipts with these characters are preprocessed separately. For handwritten characters, template matching and the fixed features of the receipts are used for text positioning, and projection is applied for character segmentation. Finally, a convolutional neural network is used for character recognition. For printed characters, a modified You Only Look Once (version 4) model (YOLOv4-s) executes precise text positioning and character recognition. The proposed YOLOv4-s model reduces downsampling, thereby enhancing small-object recognition. Finally, the system produces recognition results in a tax declaration format, which can upload to a tax declaration system. Experimental results revealed that the recognition accuracy of the proposed system was 80.93% for handwritten characters. Moreover, the YOLOv4-s model had a 99.39% accuracy rate for printed characters; only 33 characters were misjudged. The recognition accuracy of the YOLOv4-s model was higher than that of the traditional YOLOv4 model by 20.57%. Therefore, the proposed ARRS can considerably improve the efficiency of tax declaration, reduce labor costs, and simplify operating procedures.
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1. Introduction


Receipts are vouchers that people obtain through exchanges in daily life. They are also used as the basis for taxation. As the number of transaction receipts between enterprises and individuals increases, the management of receipts becomes more cumbersome. Paper receipts are easily damaged by external environmental impacts, thus rendering their conservation a difficult task. Therefore, the information on a receipt must be manually entered into a computer promptly. For example, for tax declaration, the word track, uniform number, date, and consumption amount on each receipt must be recorded in sequence. Each of such receipts contains a large quantity of data for recording, and the various types of receipts are complex; consequently, they are usually processed manually. Processing personnel classify the receipts and compare the information on each receipt. After checking the information, they record it in the system; this is a time-consuming and labor-intensive task. For tax filing, accounting firms must process tens of thousands of receipts. To save human resources, improve work efficiency, and reduce human errors in tax-filing processes, an automatic system for recognizing receipt information must be developed.



Because manually transferring the receipt information to a computer is a labor-intensive, time-consuming, less efficient, and error-prone process, automatic information recognition systems have been developed to address these limitations. For example, optical character recognition (OCR) technology [1] has been developed for enabling computers to read text images, extract information, and recognize text. OCR is widely used in various fields, such as identity card recognition [1], automatic license plate recognition [2], and receipt recognition [3]. An OCR system includes the following components: image input, image preprocessing, image correction, text positioning, character segmentation, and character recognition [4].



In recent years, researchers have used OCR systems to retrieve data on receipts. Liu et al. [3] used a single-shot multibox detector neural network to determine information areas on receipts. Shi et al. [4] combined specific signs and template matching on receipts to accurately locate receipt information. Meng et al. [5] applied You Only Look Once, version 3 (YOLOv3) to accurately locate, segment, and intercept key information areas on invoice images.



Some researchers have used machine learning algorithms to identify text content. These algorithms extract features from the text content and then use machine learning to classify the content. For example, Wang et al. [6] used a Gabor filter for character recognition in grayscale images. Cui and Ruan [7] used a Gabor filter for feature extraction and a support vector machine (SVM) algorithm for gray character recognition. Furthermore, Xie [8] employed dynamic thresholding to segment characters and used gray value normalization to extract features; a least-squares SVM was then used to classify characters based on the extracted features. Hazra et al. [9] adopted OCR to extract distinct features from input images and used k-nearest neighbor classification to recognize handwritten or printed text. Liu et al. [3] combined a convolutional neural network (CNN) and gated recurrent unit network for character recognition. Meng et al. [5] used a connectionist text proposal network to detect text blocks and adopted densely connected convolutional networks to recognize the detected text. Smith [10] used a CNN and long short-term memory to detect and recognize text in images. Liu [11] proposes an automatic taxi receipt text recognition application system for character recognition. In the recognition system, a Single Shot Multi-Box Detector (SSD) neural network is used to determine the data region then a CNN is designed for character recognition. Xie [12] designed a deep learning recognition method to extract effective information from receipts. The proposed connectionist text proposal network (CTPN) is used to locate the text region in the receipt, then the convolutional recurrent neural network (CRNN) is adopted to convert the receipt from an image into text. Liu [13] used YOLO V3 to identify the text from the triplicate uniform invoice and solve the cumbersome and error-prone problem of manual processing. Nguyen [14] compared the effectiveness of towards document image quality assessment (TDIQA), Yolov5, seq2seq, and transformer in invoice identification. They found that yolov5 has the highest accuracy among these methods, but it also requires more training time. The methods mentioned above recognize the computer-printed text in the receipt. If you encounter a handwritten receipt, the accuracy will drop significantly.



To improve operational efficiency and reduce human errors in the processing of receipt information for tax declaration tasks, the present study developed an automatic receipt recognition system (ARRS). The proposed ARRS involves the following operations: receipt image reading, data preprocessing, text positioning, character segmentation, character recognition, review and error correction, and database upload. In Taiwan, receipts can be classified into two categories: printed and handwritten receipts. In the proposed system, these two types of receipts are processed separately, and their images are preprocessed. The system operates as follows: First, a high-resolution image of the receipt is created using a scanner. Subsequently, the receipt is automatically classified as a printed or handwritten receipt according to the features of its characters. For a handwritten receipt, template matching is applied, and the fixed features of the receipt are used for text positioning. Subsequently, character segmentation is executed through a projection method. A CNN is then used to perform character recognition. For a printed receipt, a YOLOv4-s model is used for precise positioning of the text and character recognition. The YOLOv4-s model reduces downsampling, thereby enhancing the ability to recognize small objects. Next, after the characters on the two types of receipts are recognized, the results are uploaded to a database, and interface review and error correction are performed. Finally, the system provides an output in a tax declaration format, which can be uploaded to a tax declaration system. The proposed ARRS can substantially improve the efficiency of tax declaration, reduce labor costs, and simplify processing procedures. The contributions of this study are summarized as follows:




	
This study developed an automatic receipt recognition system (ARRS) for recognizing printed and handwritten receipts.



	
The ARRS includes receipt image reading, data preprocessing, text positioning, character segmentation, character recognition, review and error correction, and database upload function, which can help users quickly convert paper receipts into electronic files.



	
To improve the ability to recognize small objects, a YOLOv4-s model is developed in this study.



	
The proposed ARRS system provides a human–machine interface to enable users to review the results and perform error correction.








The remainder of this paper is organized as follows. Section 2 provides an overview of the proposed ARRS. Section 3 presents the experimental results and a comparison of a previously proposed YOLOv4 model with the YOLOv4-s model. Finally, Section 4 provides the conclusion.




2. Proposed ARRS


This section explains the operations of the proposed ARRS. First, the receipt information is read by a scanner, and the receipt image is then preprocessed. Next, the receipt is analyzed and classified as handwritten or printed according to the features of its characters. For a handwritten receipt, the information is obtained through receipt positioning, projection and segmentation, and CNN-based text recognition. For a printed receipt, the YOLOv4-s model is used to directly execute character recognition. Figure 1 illustrates the flowchart of the ARRS.



2.1. Image Preprocessing


First, various receipts are directly read by the scanner. To ensure an efficient OCR process, the receipt must be converted into an image for preprocessing. Distorted, occluded, or noisy images affect the accuracy of OCR [15]. Before text recognition, the light and dark areas of the receipt content must be analyzed to ensure the correct recognition of each character. The preprocessing operation comprises standardization, binarization, and morphological processing tasks. The trademark and stamp on the receipt are removed to facilitate the subsequent character segmentation and recognition tasks.



2.1.1. Standardization


Even if receipts in the same format are scanned, the width and height of the images would differ slightly. To facilitate the subsequent segmentation and OCR tasks, the resolution of the receipt image must be adjusted to a fixed size.




2.1.2. Binarization


Image binarization involves converting a color image into a black-and-white image. Accordingly, the color receipt image is converted into a binary image by using adaptive mean thresholding to facilitate the correct reading of the receipt information. Adaptive mean thresholding is a local thresholding method wherein the threshold at the pixel location is determined according to the pixel value distribution in the pixel neighborhood. Therefore, local image areas with different brightnesses and contrast levels have different local thresholds. If the image width is W, the image length is H, and the pixel grayscale value is f(x,y), then the adaptive mean threshold T(x,y) of a pixel can be expressed as follows:


  T  (  x , y  )  = M e a n (   ∑   i = x − r   x + r     ∑   j = y − r   y + r   f  (  i , j  )  ) − C , ( 0 ≤ x < W ) ( 0 ≤ y < H )  



(1)




where r is the size of the neighborhood used for calculating the local threshold and C is a constant term. The function Mean(x,y) represents calculating the mean value of the gray image. The final threshold is the difference between the average threshold calculated in the neighborhood and the constant term.




2.1.3. Elimination of Trademarks


Some receipts have colored trademarks or prints on the top or around the sides. To prevent a trademark from influencing the image projection and segmentation processes, our system filters the interference information [16] by converting an RGB image into the HSV color space. The range of the trademark or print is identified and eliminated such that the color of this range is the same as the background color of the receipt.





2.2. Text Positioning


The image positioning process involves the following tasks: rough positioning and precise positioning. These tasks are detailed as follows.



2.2.1. Rough Positioning


Although a receipt contains a substantial amount of information, only eight pieces of information must be recorded. As mentioned in the preceding operational steps, the receipt image is standardized. In most receipts, the location of the information to be extracted is fixed. Therefore, the rough positioning process is used to locate different types of information on the basis of experience. This reduces the range of positioning and the calculation time.




2.2.2. Precise Positioning


In the layout of receipts, specific signs (or fixed words) denote the position of necessary information. On the basis of these signs, the proposed system can execute template matching to precisely identify the information location. The precise positioning process comprises the following steps:



Step 1: Template images are collected in advance to facilitate image matching.



Step 2: Template matching is executed using the root mean square deviation (Equation (2)). Specifically, the proposed system uses a template image to sequentially traverse the entire image for a similarity comparison.


  R  (  x , y  )  =   S  (  x , y  )        ∑    x ′   y ′    T    (   x ′  ,  y ′   )   2  .   ∑    x ′   y ′    I    (  x +  x ′  , y +  y ′   )   2       



(2)







Subsequently, a matching matrix is returned after the comparison process. The position of the template image in the image to be detected is determined as shown in Figure 2. Here, the normalized sum of the squared difference in Equation (2) is standardized according to the sum of the squared difference in Equation (3).


  S  (  x , y  )  =   ∑    x ′   y ′       (  T  (   x ′  ,  y '   )  − I  (  x +  x ′  , y +  y ′   )   )   2   



(3)




where the   R  (  x , y  )    is normalized squared difference at pixle (x,y),   S  (  x , y  )    is squared difference at pixle (x,y),  T  is subgraph,  I  represents original image.





2.3. Character Segmentation


For character segmentation, the proposed ARRS uses a projection method to project the input image horizontally and vertically. The system then counts the number of pixels with a gray value of 0 in each row (column) of the input image. The areas with the peak number of such pixels correspond to the image edges; this quantification is conducted in different rectangular boxes [17]. The horizontal projection (along the y-axis) equation and vertical projection (along the x-axis) equation are expressed as follows:


   I y  =   ∑   y = 0   H − 1   f  (  x , y  )  ,          (  0 ≤ x ≤ W  )   



(4)






   I x  =   ∑   x = 0   W − 1   f  (  x , y  )  ,          (  0 ≤ y ≤ H  )   



(5)




where    I y    is the number of pixels in the horizontal direction,    I y    is the number of pixels in the vertical direction, f(x,y) is the original image, W is the image width, and H is the image height.



Projection is extensively used in character segmentation [18]. The basic steps of the projection process are outlined as follows:



Step 1: The horizontal projection process is performed on the input image. That is, the number of pixels in each column in the horizontal direction    I y    is calculated.



Step 2: The vertical projection process is performed on the image. Initially,    I y    is equal to 0 because of the lack of positioning information. The pixel for which    I y    is greater than 0 is considered to indicate the starting point of the relevant line of a character on the row. The image is scanned until another pixel for which    I y    is equal to 0 is identified; this pixel indicates the end of this line of character. Because the scanning is conducted in a straight line, all segments of each line of character can be found.



Step 3: A vertical segmentation process is performed according to the segment points of each line of character obtained in Step 2.



Step 4: To avoid overlapping characters in the vertical direction, each vertically segmented character is projected vertically and scanned horizontally. This method is similar to horizontal projection; thus, each line of characters in the receipt can be segmented separately.



Because the text on a standard receipt is neatly arranged and the size of the printed characters is uniform, projection-based segmentation can be easily performed on such receipts. However, for other types of receipts with connected characters, improved projection-based segmentation methods must be used to achieve higher accuracy. Accordingly, the proposed ARRS performs morphological operations before segmentation to remove noise from the image and separate characters that may be connected. Because the size of the characters printed on a receipt is uniform, the average length and width of the characters are calculated as thresholds to determine whether the characters are accurately segmented. Therefore, the receipt image is projected horizontally and vertically, as displayed in Figure 3. Figure 3a presents the vertical projection results, indicating eight wave crests, each of which represents a character. Thus, the position of the character can be easily judged, and the character can be cut smoothly. Figure 3b presents the horizontal projection results for the entire receipt image; the distance between the troughs can also be used to obtain the paragraph of each line of text.




2.4. Character Recognition


As mentioned, receipts in Taiwan can be divided into two types according to their characters: handwritten and printed receipts. The proposed ARRS recognizes characters on these receipts separately. For the recognition of handwritten characters, the input image is preprocessed, template matching is executed for text positioning, and character segmentation is executed. Subsequently, the CNN [19] is used to recognize the handwritten characters. For the recognition of printed characters, the input image is projected and segmented, after which the YOLOv4-s model—a modified version of the YOLOv4 model [20] implemented in this study to improve the recognition accuracy—is used for character recognition. The YOLOv4-s model can optimize the parameters and architecture of the original YOLOv4 model.



2.4.1. Recognition of Handwritten Characters through CNN


The proposed ARRS uses AlexNet, a CNN model, to recognize handwritten receipt characters. AlexNet is a classic model in image recognition. It consists of eight layers of neurons; the first five layers are convolutional layers and pooling layers, and the remaining three layers are fully connected layers. The convolutional layers are used to extract image features; the pooling layers are used to reduce the dimensionality of the features. The fully connected layers are used for image classification. Figure 4 shows the structure of AlexNet, and Table 1 presents its parameter settings for the proposed system.




2.4.2. Recognition of Printed Characters through YOLOv4-s


The YOLOv4 model is used for object detection on images in computer vision. The object type must be identified, and the locations of these objects must be marked. The YOLOv4 model performs object recognition through OCR rather than using traditional character recognition; this thus improves the robustness of the recognition system. The YOLOv4 model is an instant and high-precision target detection system with 161 network layers. It applies a 1 × 1 convolution operation, which reduces the number of calculations required and increases operational speed. Figure 5 displays the network architecture of the YOLOv4 model. This model uses a cross-stage partial network (CSPNet) to reduce the duplication of gradient information and applies spatial pyramid pooling to separate the features of upper and lower layers. In addition, it applies a path aggregation network and feature pyramid network (FPN) to facilitate the transmission of low-level features to the top networks.



Nevertheless, to reduce downsampling and enhance the recognition of small objects, the YOLOv4 model requires modification. Accordingly, the present study developed the YOLOv4-s model, a modified version that was realized by using k-means clustering to optimize the anchor parameters of YOLOv4 and by optimizing the backbone architecture of YOLOv4 to ensure small-object recognition.



Anchor Parameter Optimization Using K-Means Clustering


In the target detection model, the target is “framed” at a possible position by the preset border and then adjusted according to these preset borders. The YOLOv4 model uses an anchor box to generate borders at different positions of the image. The regional features corresponding to these borders are extracted and used for the regression of border positions. Figure 6 illustrates a real object determined using the anchor box; the blue box represents the real object, and the black box represents the anchor box. The real object is detected using the anchor box through the following formula:


                         b x  = σ  (   t x   )  +  c x                               b y  = σ  (   t y   )  +  c y             b w  =  p w   e   t w           b h  =  p h   e   t h             



(6)




where    b x   ,    b y    are the x, y center coordinates of box,    b w   ,    b h    width and height of the box,    t x   ,    t y   ,    t w   , and    t h    represent the network outputs,    c x    and    c y    are the top-left coordinates of the grid,    p w    and    p h    represent the width and height of the anchor box, respectively, and    c x   /   c y    represents the distance between a cell and the top-left corner of the object. To ensure that the anchor box is close to the ground-truth box and reduce the deviation of the prediction network, the model uses k-means clustering to identify the most suitable    p w    and    p h    values.



In general, k-means clustering is used in data mining. In this method, n points are divided into k clusters such that each point belongs to the nearest cluster center.



The steps for calculating the appropriate anchor box through k-means clustering are outlined as follows:



Step 1. The width and height of the box are normalized.



When a cluster analysis is executed on multiple boxes, the width and height of the box are used as features. Because the sizes of the receipt images in our dataset may differ, the width and height of each receipt image must be normalized to the width and height of the box. The normalization formula is expressed as follows:


  w =    w  b o x      w  i m g     ,     h =    h  b o x      h  i m g      



(7)




where  w  and  h  are normalized width and height,    w  b o x     and    h  b o x     are the box width and height,    w  i m g     and    h  i m g     are the image width and height.



Step 2. K boxes are randomly selected as the initial anchor.



The YOLOv4 model contains three layers of different sizes, and each layer selects three anchor boxes. Therefore, the size of K can be set to 3 × 3, implying a total of nine anchor boxes.



Step 3. Intersection over union (IoU) is used as a metric, and each box is assigned to the anchor closest to it. IoU is more suitable as a metric than the Euclidean distance in the original k-means clustering method. If anchor = (   w a   ,    h a   ) and box = (   w b   ,    h b   ), then the IoU between the anchor and the box is as follows:


     IoU (  box  ,  anchor  )     =    intersection  (  box  ,  anchor  )    union  (  box  ,  anchor  ) −  intersection  (  box  ,  anchor  )            =   min   w a  ,  w b   · min   h a  ,  h b      w a   h a  +  w b   h b  − min   w a  ,  w b   · min   h a  ,  h b         



(8)




where the    w a    and    h a    are the width and height of anchor, the    h a      and    h b    are the width and height of box.



The final distance  d  formula is expressed as follows:


  d  (  b o x , a n c h o r  )  = 1 − I o U  (  b o x , a n c h o r  )   



(9)







If the box and the anchor completely overlap, the IoU value is 1, and the distance between them is 0.



Step 4. The average width and height of all the boxes in each cluster are calculated to update the anchor.



Assume that n boxes exist in the cluster:


   c l u s t e r  (  b o  x 0  , b o  x 1  … b o  x n   )    ,   b o  x n  =  (   w n  ,  h n   )    



(10)




where the    w n    and    h n    are the width and height of   b o  x n   .



The average width and height of all boxes can be derived as follows:


  m e a n  (  c l u s t e r  )  =     ∑   i = 0  n   (   w i  ,      h i   )   n   



(11)




where the    w i    and    h i    are the width and height of   b o  x i   , n represent the total number of box.



Step 5. Steps 2 and 3 are repeated until the anchor does not change or the maximum number of iterations is reached.




Backbone Architecture Optimization for Small-Object Recognition


The backbone of the YOLOv4 model is characterized by a 32× downsampling, and features processed at 8×, 16×, and 32× downsampling features are sent back to the FPN. A higher downsampling rate results in a smaller feature map but a larger object. In other words, the features transmitted from the backbone architecture tend to be larger objects. The feature s of small objects gradually disappears after the convolution and downsampling processes.



To improve the accuracy of the YOLOv4 model in extracting the features of small objects, its backbone architecture must be modified. Accordingly, this study deleted the convolutional and bottleneck layers of CSPNet in the model. In addition, the downsampling features were modified to 4×, 8×, and 16×, thus yielding the optimized YOLOv4-s model that can retain more small-object features and send them to the FPN. The YOLOv4-s model is detailed as follows:




	(1)

	
The YOLOv4-s model does not contain the last layer of CSP4 in the backbone architecture of YOLOv4 (Figure 7a), as displayed in Figure 7b.




	(2)

	
The shortcut connection between the backbone and the FPN is moved between CSP2 and the first CSP8, as illustrated in Figure 7b.









Figure 8 presents the complete architecture of the proposed YOLOv4-s model.







3. Experimental Results


This section describes the overall experimental structure, data collection process, recognition results for handwritten and printed receipt characters, and human–machine interface of the proposed ARRS.



3.1. Overall Experimental Structure


Figure 9 illustrates the overall experimental structure. First, we used a scanner to convert a receipt image into a high-resolution image. Next, the receipt image was preprocessed through adaptive binarization, trademark removal, and receipt character classification (i.e., printed or handwritten characters). The handwritten and printed receipt characters were recognized using the methods described in the preceding section. The recognition results were uploaded to a database, and a web interface is provided for users to review and correct errors. Finally, the results were exported in the form of tax filing documents to complete the tax filing process.



The receipt information required for tax filing in Taiwan mainly consists of eight items (Figure 10): receipt number, receipt date, seller ID, buyer ID, total amount, tax-free sales amount, sales amount, and tax amount. Therefore, the proposed ARRS can primarily recognize these eight items.




3.2. Data Collection


The six common receipt formats in Taiwan are electronic receipt certification sheets, cash register unified receipts, triple unified receipts, double unified receipts, special unified receipts, and electronic computer unified receipts (Figure 11).



In this experiment, the receipt characters were classified as handwritten or printed characters during the recognition process. Accordingly, approximately 300 printed and 100 handwritten receipt characters were obtained. Therefore, the dataset was divided into the following categories: handwritten and printed datasets.



The numerical characters in the printed dataset were divided into 10 categories: 0 to 9. Each category comprised 500 numerical characters, of which 400 were used as training data and the remaining 100 were used as test data. Figure 12a presents the numerical characters. Moreover, the alphabetical characters were divided into 26 categories: A to Z. Each category comprised 200 characters, of which 160 were used as training data and the remaining 40 were used as test data. Figure 12b depicts the alphabetical characters. Figure 13a,b display the accuracy and loss function for the numerical and alphabetical characters in the printed dataset, respectively.



In the handwritten dataset, the numerical characters were also divided into 10 categories: 0 to 9. Each category comprised 900 characters, of which 720 were used as training data and the remaining 180 were used as test data. Figure 14 depicts these numerical characters. Figure 15a,b illustrate the accuracy and loss function of the numerical characters in the handwritten dataset, respectively.




3.3. Experimental Results for Handwritten Receipt Characters


A precaptured template image was used for template matching for the handwritten characters. After each receipt image is completely scanned, the matching image position was determined, and the text area was extracted using the relative position of the matching image. Figure 16 displays the template matching results.



The erosion method was used to extract the vertical lines in the table after the text area can be obtained. Subsequently, a projection method that determines the position of the vertical line was used to extract each box. Next, the character segmentation initiation point was identified, and the original receipt image was segmented to obtain the handwritten character images. Then, the handwritten character images were processed by using the binarization method to binary images (Figure 17). Finally, CNN was adopted to identify relevant characters. Figure 17 shows the projection and segmentation results.



The derived character image was used as the input of the CNN model for recognition. The recognition results were stored in the database for subsequent review and error correction. Figure 18 displays the CNN recognition results.



A total of 145 handwritten receipt characters were obtained in the verification set. Moreover, a total of 6815 characters were noted, of which 5516 were successfully recognized, resulting in a recognition accuracy of 80.93%.




3.4. Experimental Results for Printed Receipt Characters


Each of the printed receipt images was preprocessed, after which horizontal projection, segmentation, and rough positioning processes were executed. The proposed YOLOv4-s model was then applied to recognize the printed characters. In Figure 19, the left panel depicts an original receipt image; the dotted red frame in the middle indicates the information to be extracted. Moreover, in Figure 19, the upper-right panel presents the positioning results for the recognized characters, the middle panel presents the YOLOv4-s model recognition results, and the right panel presents the key information extracted.



To verify the effectiveness of the proposed YOLOv4-s model in recognizing printed receipt characters, 140 receipts were used for testing. A total of 5452 numbers and English letters were used. At the same time, YOLOv3 and YOLOv5 models are also used to compare recognition performance. As illustrated in Figure 20, the recognition accuracy of the proposed YOLOv4-s model was higher than that of the traditional YOLOv4 model by 20.57%. Compared with YOLOv3 and YOLOv5, the proposed YOLOv4-s method is also higher than 27.9% and 7.12% in recognition performance, respectively. The recognition accuracy of the proposed YOLOv4-s is 99.39%, and only 33 characters were misjudged. Although the proposed model has the lowest FPS score, it can still obtain close to 60FPS. That is to say, the proposed model has real-time recognition performance and is competitive. The definition of accuracy and error were shown as follows:


  A c c r u a c y =  (  1 −    E c     T c     )  × 100 %  



(12)






  E r r o r =    E c     T c    × 100 %  



(13)




where the accuracy represents the accuracy of model identification, the    T c    and    E c    are the total characters and identify wrong characters in testing dataset, the error represents the error rate of model identification.




3.5. Human–Machine Interface of the Proposed ARRS


Because the items on a receipt are interrelated, they can be used to determine the accuracy of recognition results. Accordingly, this study proposed four logical judgment rules for accuracy verification, which are explained as follows:




	(1)

	
Allowance + Taxable amount + Tax amount = Total amount. If the equation does not hold, it means that at least one of the four recognized numbers is wrong. Therefore, the system should issue an error message on the interface and mark the error. The user is reminded to manually modify the error content.




	(2)

	
The uniform number of the seller and the buyer is a combination of eight numbers. If this rule is not met, the system should issue an error message on the interface and mark the error.




	(3)

	
The character track consists of a combination of two uppercase alphabetical characters and eight numerical characters. If this rule is not met, the system should issue an error message on the interface and mark the error.




	(4)

	
If the display of the date from the Western year to the Chinese year is not within a reasonable range, the system issues an error. Some receipts, such as electronic certificate slips, have two date marks. If the two recognition results are not the same, the system should issue an error message and mark the error.









After the recognition of the receipt content, the information is stored in the database. After the content of the entire batch of receipts is recognized, the system automatically opens the detection interface for manual detection and confirmation. HyperText Markup Language was used to construct the interface of the system. The system interface can be adjusted to match various sizes and formats of receipts. This can enable users to complete detection and confirmation in the shortest time. Figure 21 and Figure 22 depict the system interfaces for handwritten and printed receipts, respectively.



The system interface provides the following functions:




	(1)

	
The current receipt information is marked with different colors to facilitate user detection and confirmation.




	(2)

	
If the receipt is not within the scope of this declaration, it is deleted.




	(3)

	
The up/down button can be used to switch between receipts.




	(4)

	
After the detection and confirmation of a batch of receipts, the information can be exported in the format of a tax declaration.









In Figure 22, the left panel presents the receipt image detected in this study, and the red box in the right panel presents the corresponding recognition results. The system interface can also mark errors in red, as displayed in the fifth receipt shown in the right panel of Figure 22.





4. Conclusions


This study developed an ARRS for improving operational efficiency and reducing human errors in the processing of receipt information for tax declaration tasks. In this system, a receipt is scanned into a high-resolution image, and the characters on the receipt are automatically classified into two categories according to the characteristics of the receipt characters: printed and handwritten receipts. Images of receipts with two types of characters are preprocessed separately. For handwritten characters, template matching and the fixed features of the receipt are used for text positioning, and a projection is for character segmentation. Finally, a CNN is used to achieve character recognition. For printed characters, the proposed YOLOv4-s model executes precise text positioning for character recognition. The proposed YOLOv4-s reduces downsampling features, thereby enhancing small-object recognition. The proposed system also provides a human–machine interface to enable users to review the results and perform error correction. The effectiveness of the proposed ARRS was tested experimentally. The experimental results reveal that the system had a recognition accuracy rate of 80.93% for handwritten receipt characters. Moreover, the recognition accuracy of the proposed YOLOv4-s model for printed receipt characters was 99.39%, and only 33 characters were misjudged. The recognition accuracy of the YOLOv4-s model was higher than that of the traditional YOLOv4 model by 20.57%.



The proposed ARRS’s recognition accuracy for handwritten receipts was approximately 80%, which is not up to the industry standard. On the other hand, ARRS runs on a personal computer device, which causes a lot of inconveniences for users to carry-outs. In future research, we will focus on collecting more handwritten receipts and improving the recognition accuracy of the system. In addition, we will consider using ISO GUM as an indicator to evaluate the experimental results. ARRS will also be implemented in FPGA embedded systems to obtain faster recognition speed and improve its portability.
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Figure 1. Flowchart of the proposed ARRS. 
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Figure 2. Diagram of template matching. 
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Figure 3. (a) Vertical projection of the receipt image (b) Horizontal projection of the receipt image. 
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Figure 4. Structure of AlexNet. 
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Figure 5. Architecture diagram of traditional YOLOv4. 
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Figure 6. Identifying a real object by using an anchor box. 
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Figure 7. Architecture of (a) traditional YOLOv4 and (b) the proposed YOLOv4-s. 
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Figure 8. Complete architecture of the proposed YOLOv4-s. 
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Figure 9. Overall experimental structure. 
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Figure 10. Receipt information required for tax filing. 
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Figure 11. Various receipt formats: (a) electronic receipt certification sheet, (b) cash register unified receipt, (c) triple unified receipt, (d) double unified receipt, (e) special unified receipt, and (f) electronic computer unified receipt. 
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Figure 12. (a) Numerical and (b) alphabetical characters in the printed dataset. 
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Figure 13. Accuracy and loss function of (a) numerical and (b) alphabetical characters in the printed dataset. 
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Figure 14. Numbers in the handwritten dataset. 
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Figure 15. (a) Accuracy and (b) loss function of the numbers in the handwritten dataset. 
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Figure 16. Template matching results. 
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Figure 17. Projection and segmentation results. 
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Figure 18. CNN recognition results. 






Figure 18. CNN recognition results.



[image: Applsci 12 00853 g018]







[image: Applsci 12 00853 g019 550] 





Figure 19. Recognition results of the printed receipts. 
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Figure 20. Comparison of recognition accuracy of various methods. 
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Figure 21. System interface for handwritten receipts. 
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Figure 22. System interface for printed receipts. 
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Table 1. Parameter settings of AlexNet.
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	Layer
	Filter
	Kernel Size





	Convolution Layer1
	96
	11  ×  11



	Max Pooling Layer1
	
	3  ×  3



	Convolution Layer2
	256
	5  ×  5



	Max Pooling Layer2
	
	3  ×  3



	Convolution Layer3
	384
	3  ×  3



	Convolution Layer4
	384
	3  ×  3



	Convolution Layer5
	256
	3  ×  3



	Max Poling Layer3
	
	



	Flatten Layer1
	
	



	Full Connected Layer1
	4096
	



	Full Connected Layer2
	4096
	



	Full Connected Layer3
	10
	
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
(b)





media/file4.png
—— Subgraph T(x’, v)

T
1

template

——

] |
| W |

be searched image S






media/file39.jpg
&,
YOLOvd-s YOLOW YOLOvA YOLOVS
5452 Error um%| Error | 28.51% | Error | 21.18% | Error | 7.73%

(Total characters|Accuracy| 99.39% [Accuracy| 71.49% [Accuracy| 78.82% |Accuracy 92.27%

FPS SSEPS | 90FPS 0FPS 138FPS






media/file18.png
Scan receipt

Image preprocessing

* Binarization
S * Elimination of trademarks
& FER A )
'Qﬂg WY 11-12))
—.'ll‘.‘ .u :'_” ":ltl;‘_-. -j.“.
o m o — e R v
ot . g s Printed receipt . W % C)Handwrittcn receipt
ot LI Boaa®
 oF 159517 %~ — & S (WK §
st A R 1273 11,70 HA () Receipt positioning
1161017782121 =H0 it x 6227 0
' . <2 an n . .

1 6lo T ’I £n 2

4
using the

proposed
YOLOv4-s

Character
recognition n E n - - .

) Projection cutting

/'\

Character
recognition
using CNN

Q

) Review and error correction

aY

4
() Export tax report format





media/file21.jpg
T-ELEVEN.
TR

1074£05-06H
DB-27267161

© ®





media/file44.png
3
@%;ﬁaawimﬁ
_IEH‘}-:. 9!

A :GKGHOOOT it 001 A
PO ANV IR Ay

=& 2 A
HIW): 2017-12-14 16:16:28
” #ciM : 48877129
Hllhllﬂm"l-ll

fllltlli l\nl&&i"ul'l'-hllwxlﬂ
VK 976

BrA4 3 8!!

f! JI:] it $8:c
$o

ll’:“‘r $0

ML N $8
ALt w0 $u
f52m $0
AP ANV IRE ) Ay

[Previous | Next | [ Export to excel

3 YC60316756 1061126 24785332 77120741 1975 0 1881 94 in‘
- YK25481158 1061229 17763987 77120741 1389 0 1323 66 @

L]
5 XN58932877 1061223 50048114 24176241 11 11 0 0 M
6 YC65129122 1061202 70775435 77120741 155 0 148 7 Delete
7 YQ09522155 1061228 48877129 77120741 28 0 27 1 Dom-‘
8 YL97689359 1061109 48877129 77120741 14 0 13 1 Delete
9 YF51718287 1061103 53676565 77120741 999 0 951 48 nom.J
10 || YL97699958 1061214 48877129 77120741 8 8 0 0 ‘ ;)-m:}






media/file26.png
; /
VAN Lian

Wi

8.0

61%

4.0

2.0

10000 15000 20000 25000 30000 35000 40000 45000 50

(a)

L L —— ENgE .—.,l ;l'l—--—-"h“‘rw pre=——=mpm
mAP%|  95%957%96%96% 967 | 967 967%9(96% 96% Ww s o
93.1% 9‘3’?
C:0.0%

Loss i

:

8.0

4.0

2.0

1
5000 10000 15000 20000 25000 30000 35000 40000 45000 50

(b)





media/file7.jpg





media/file28.png





media/file10.png
Input

Backbone

Head

....608*608*

[ EERES

CSPDarknet53 without FC layer

3

YOLOV4 Structure

Res
unit = - add —

Res
md unit

XM EegH

®76*76*255

@ 38*38*255

o=

®19*19*255






media/file11.jpg





media/file6.png
. & &8 &8 § 8

E 5 5 8 8 8 B o






media/file36.png
I ojo 77451742

Recognition k » Confidence uﬁﬁﬂﬁﬂ“]

[0
Recognition Result[6] » Confidence[O
Recognition Result[0] » Confidence[0
Recognition Result[7 -|~nn11d~u(~[
l:_r:-._.n._.-:z'_u1T..1qu legnlt|/ Confidenc "‘[
[ ]
[0
[0

H]
.99948466 ]
.5365433]

Recognition Result[5] » Confidence
Recognition \Qau ; f » Confidence
Recognition Res Confidence






media/file15.jpg





nav.xhtml


  applsci-12-00853


  
    		
      applsci-12-00853
    


  




  





media/file2.png
Input image

Image
preprocessing

A

Determine the

types of
receipts
v
Printed receipt Handw_ntten
receipt
Y
Receipt
positioning
L
Projection
cutting
L 4 l
Character
recognition Character
using the recognition
proposed using CNN

YOLOv4-s |

Output data





media/file23.jpg
<O O
<CICORE O)
S @
S e W
Komg =—= KN
[ CO P (N |

(b)





media/file24.png





media/file29.jpg
Epoch
(a)

Epoch
(b)






media/file1.jpg
Image
preprocessing

etermine tne
ypes of
recelpis
printed receipt Hondwiaen
recelt
Recelpt
positoning
projection
cuting
erarszr 1
recognition Character
using tne recogriton
proposed using CAN
e e

Output data





media/file12.png
Ground truth box

Anchor

Ict

O pr

Image






media/file9.jpg
YoL0Va structure

= @i






media/file42.png
o

_ 3
Lry |

- - BB M
] | . 4
_.. fl uil -I.
_.. TREEN "
13 _u -
T " _
- 4 | ]
__ (dl# -....-"

'l't b B ) e

- )
LN
ra

Ima T e Lessa

| W olel | A
__.H L -“ .ﬂ. L]
- 1 . | -
R (Y| |1s IENE
% (2] | |1 . * : m
.|H | i
¥ 1 % — i# L
a g 4 0% 4 el
h...l. o | \ T -_ium
u.-...l. .ﬁ | - - l.. _TJ- b ]
1 1 Y = b .n
. E h | T
J . : ot
| _. .-_ s | .-_I.-
¥ SR |10
Ll bl n _.l_“qu_
ol o EE 5
-n.'. ﬂn -l-_r.l.“... *
i, ..__.._:.
| L L] I e
n. _. 1 ek
-t ) [ fles
PR
i b ﬂ.-.. _".-n h
z | .?h ER T —4 -.l“ “
-, ﬂ. _ Yas
i _ “..‘
.“__ * ..*.._.._.
A | i
.| e ol ofert i
1| 1 [t ||
o ._l_—. “m Hml.-u.-.
: | ul i
¥ _l .-.... u.“n






media/file38.png
(& EI.E\IEI'I

Hl J J4 JAII \IUJ Jf
1074205-06 5

o — -y

DB-272671 l6llW

200118-06-[114] [22:47:5 B
){é%ﬂl : I()é“i8 fﬂtsu[ : 4
= 2266616 B AT720741

DB27267161
201805142247592)5

981845

2233061677120741

Receipt number:DB-27267161
Date:2018-05-14

Total amount:45

Seller number:22555616
Buyer number:77120741






media/file17.jpg
Sean recipt

" Binarization
«_Elimination of trademarks

B printed recept Handwriten reccpt

Receipt posiioning

AT,

P e Projecton cuting

recognition
using the
proposed
YOLOV- Charace

using CNN

Review and error correction

Export tax report format






media/file30.png
Accuracy

1.0

0.9 A

0.8

0.7 A

0.6

0.5 4

0.4 -

— Training acc
—— Validation acc

0.0

2.5 5.0 7.5 10.0 12.5 15.0 17.5

Epoch

(a)

Loss

1.25 A

1.00 A

0.75

0.50 -

0.25

0.00 -

— Training loss
—— Validation val_loss

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Epoch
(b)






media/file35.jpg
I Jefoln]7ds]7]2
$

onfidence[0
Confidenc
fide






media/file27.jpg





media/file3.jpg
— Subgraph T(x’, v)

template

oW

be searched image S






media/file22.png
T-ELEVEN

Gy Sl
1074705-06
DB-27267161

2018-05-14 22:47:59 #&=: 25

S - 9818 AEAT

: 45

B 722555616 1577120741

S 148236 JFS24160 HE2
RERE TR SRR A

Bt P 2L - S HEEFPL400m] ( 45
sHEaR

ait

IR

(HH) $45
L] $0

5

JEGHE R ( 13***5519)
$45

B D
O T S SR E A

~OAM=-ZA®

(a)
® sizen 11=2

e i
-

080102+

—
SEANAR-R2ARS

w11 B10sEs- 0 BH
&
5

W. §2481415
RE T AR

aint

H. &
F b )
Q05N ol
Pt £20TX
By m o
Wt 80
a8 5o
210

l

X000 . - . An m
~QA% LA~ AR DS
"1I'NdesAaun
f e A inn %
. SRR uatL A n e A
. 4 a 2.5 8. " %
atAre [} N Band
Z
/\
- ® LA )
.‘:c.n.u..—: had LR LS 3

AR MAT R Rt

A0 NATARSR T TALI LA - EITRARAAAREARALA 08  AANT LALLM AR FRR-AK -
PORARTAAASIEARMALA 08 SEARLA ARATAALRARE PaRE RS l‘u

(e)

™ RIS x - e s:en
- OASRMN *Nn»e
FLL 1WA 4 o
X e A =
. ny S2 8% A& _ 6. . 4R N g
I N " s als ala u
a -
ST—— — — e ——— o
E — 8 | REAKRR-RRANY
- e — — - _— —4
— - — pp—
- - g - —
 —
” v
oy 2 - ) r = » « ® ry
2. & oA« e L =
} $36y
SOPtEs  CNMRHARLHNRHARLNANILT " B Laniu
1 BrifAmE RN Eiliiw == atugs
PRRE N, H I
BT snnm B gy R g oA rraet
78w o 2L amp s ammam Poamumea (84441
i 7 I T N e
LRGP sasn || 5 G e exral
B ¥oasLee nigxt
LR
RN W Sl ague!
LT
igen]
Tou!
$r-ul
AN G U G M
LERLE ]
1 [ SN
LY I}
v B
H
ad
i
s
nv






media/file19.jpg
FeeTacsle vt

Tox Amoun  Free TS Amount Toal Amoun Seter





media/file40.png
100 4

Accuracy(%)

0

YOLOv4-s YOLOvV3 MOdel YOLOv4 YOLOVS
YOLOvV4-s YOLOV3 YOLOv4 YOLOVS
5452 Error | 0.61% Error | 28.51% | Error | 21.18% | Error | 7.73%

Total characters|Accuracy| 99.39% |Accuracy| 71.49% |Accuracy| 78.82% |Accuracy| 92.27%

FPS S8FPS 90FPS 70FPS 138FPS






media/file33.jpg
V60| T\T |52

& Erosion

& Projection histogram

20000

15000

10000

Sum of pixel values.

5000

0 100 200 300 400 500 600 700 800

& Cutting characters

DA E





media/file32.png
B— SRR :

DS ToRsE e G TR A W)
=ONEa- -"A®K

X ax: iﬁ 1i2C|
ﬁ.-—lﬂflén??F‘? B o= Bi08F 6 A=Y B
el
L]

o b 5 % 4 & & »






media/file14.png
2 4 8

16 32
».r.+






media/file41.jpg





media/file37.jpg
T EI.ElIElI

1074£05- ()GJI
§ DB-27267161

_DB-

%72

6716l
3

-‘)L\.K

5616

=
£

Receipt number:DB-27267161
Date:2018-05-14

Total amount:45
Seller number:22555616
Buyer number:77120741






media/file16.png
Input

Backbone

Head

..608'608"*

CSPDarknet53 without FC layer

Y caL SPP CBL

YOLOV4 Structure

®76*76*255

i
.
+
.
.
|

@38*38*255

‘
H
H
H
.
H
:
:
)
.

®19*19*255






media/file20.png
Receipt Date

Seller id

Buyer Id
W
DR | T Sales Amount

e
Bo L el o e
e B

F R

iﬂ 1-.:' [Eﬂ-k Tatal Amournt
i o

Froe Tax Sales Amount pon - Sales Amount
dnEg (3 %]

Receipt Number Receipt Date
HATESE) o - L iy gk 'TIT.ITI."'&_E
ARONER-AA® Y ¥
WA sea)
DOICIEME ML TEL RN ST LD 1
PR LR . N
& i fd ¥[8 a&ls [ ¥ o LL 3
R | 1 [eme] s GE0TEE
g l [T LT TIITE
L) 1 L) w - i =
¥ E & - |
P . o b il '
naN Lot
i‘l.-'. . L I!_]:ITI.. ::T:II:!I I-I-I_-Illltll-'wﬂiit

= T F
Tox o ax Amount [ Free Tax Sales Amount  Total Amaunt Seller 1d





media/file5.jpg
% 8 8 § &8 &

(b)

(a)





media/file31.jpg
Sf—R:

T TR E T S R )
—Of\ﬁi "AR

g@x AR
£ "zl "o Bi0sF 6 A2 8
L4

H B LI

Iﬁ.—lﬂ l
Y






media/file25.jpg
bt
W %
ol
Ll
. 1
Mm - 5

®





media/file0.png





media/file8.png
s pre— pr—

7 pre—

- N, S‘- L=wl- t R «
4 - P 3 - 1 :.:-’ — P
5 27 T 4 3 13 3@ -FC |13 —>
55 3 3 - dense dens¢
384 384 256 =
Stride Max 256 Max Max 1001

96  pooling pooling Pooling 4006 4096






media/file43.jpg
[eary
AN
06






media/file34.png
)| 6lo|T|\T7 |5 (7|2

v'v Erosion

¥ Projection histogram

20000 -

15000 A

10000 -4

Sum of pixel values

5000 -

N J n Ii l L

0 100 200 300 400 500 600 700 800
X

¥ Cutting characters

Ojelo 77151702

|






