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ABSTRACT

The Management Offices of Irrigation Agency in Taiwan has to report statistical data on
irrigation management, accounting, finance, personnel, etc. to “Statistical Report System for
Irrigation Associations, SRSIA” each year. The approved reports with “Stamps™ have to be scanned
as PDF files and upload to SRSIA in the end. However, SRSIA is not able to reject mis-uploaded
file without “Stamps”, which brought thoughts of applying artificial intelligence method to generate
a model to identify whether the uploaded PDF file is with “Stamps” or not. In recent years, the
application of convolutional neural network (CNN) can automatically extract the characteristics of
image features. CNN has been proved in many competitions that it can greatly reduce the errors of
image recognition. The purpose of this research is to use CNN to establish an identification model
of whether the report is with “Stamps” or not. Because the architecture of the identification model
often determines the pros and cons of the model, this paper tests a total of 4 CNN models including:
6-layer CNN architecture, 11-layer CNN architecture, VGGNet and Pre-trained VGGNet.
Categorical Cross-Entropy Loss function is used as the evaluation method to evaluate the model.
The training and testing data included a total of 2,536 PDF files without “Stamps” and 978 files with
“Stamps”, which were automatically labeled by the machine and merged together to be a dataset.
PDF files in the dataset then modified to be all upright ones as Dataset-A, and to be including
upright/reverse/right rotation 90 degrees/left rotation 90 degrees ones as Dataset-B. 4 CNN models
were trained and tested on Dataset-A and Dataset-B. The training method applied Early Stopping
with a patience of 5 to avoid overfitting. The results indicated that all 4 models can train
identification models with an accuracy rate of more than 99 %. Among them, the Pre-trained

VGGNet model is the best, the trained identification model can reach an accuracy of 99.9 %.

Keywords: CNN, Approved PDF, Artificial intelligence.
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input: | (None, 14, 14, 512)
output: | (None, 14, 14, 512)

(b) l

input: | (None, 14, 14, 512)
conv2d_12: Conv2D
output: | (None, 14, 14, 512)

input: | (None, 14, 14, 512)
output: | (None, 14, 14, 512)

| visualized_layer: Dense conv2d_11: Conv2D

conv2d_13: Conv2D

(None, 14, 14, 512)
(None, 7,7, 512)

max_pooling2d_5: MaxPooling2D

}

input: | (None, 7,7, 512)
output: [ (None, 25088)

output:

flatten_1: Flatten

P i, ; input: | (None, 25088)
o . output: | (None, 25088)
input: | (None, 25088)

dense_I: Dense
output: (None, 2)

©

10 (a) 6 B CNN 224#& ; (b) 11 B CNN 2248 ; (c) VGGNet 2218
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11 (a) 6 /& CNN Z2i#(Dataset-A)2 M4 ; (b) 6 /B CNN Z21E(Dataset-B)2 M4 ; (c) 11 /B CNN Z24#(Dataset-A)
BT ; (d) 11 [ CNN Z2#8(Dataset-B)EBH M4 ; (e) VGGNet Z21#(Dataset-A)EBE 4R ; (f) VGGNet 2218
(Dataset-B)E2E 4R ; (g) Pre-trained VGGNet 2215 (Dataset-A)E2 2 #4R ; (h) Pre-trained VGGNet Z2#&(Dataset-

B)Z2E MR
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[E 12 (a)6 [E CNN Z2fE(Dataset-B)iREEE(0: 5K FEN - 1:FEN) ; (b) 11 [E CNN Z2f8(Dataset-B)i& & 5EME(0: R FHED - 1:
FIED) ; (c) VGGNet(Dataset-A);&:&4EFE(0: R FAED - 1:FAEN) ; (d) VGGNet (Dataset-B)i&;&%EFE(0: K FEN - 1: D)
(@) (b) © (d)
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P e e
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LK }1 - g
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