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[ Abstract] Objective To assess the clinical effectiveness of boundary recognition of upper abdomen organs on
CT images based on neural network model and the combination of different slices. Methods A total of 2 000 patients
who underwent upper abdomen enhanced CT scans from March 2018 to March 2019 were included in the study. The
quality of the CT images met the requirements for clinical diagnosis. Eight boundary layers (the upper and lower edge of
liver, the upper and lower edge of spleen, the lower edge of left kidney, the lower edge of right kidney, the lower edge of
the stomach and the lower edge of the gallbladder) of the main organs in the upper abdomen were labeled. The model
training (training set, verification set and test set) based on different neural network methods and combinations of
different slices were then performed to assess the accuracy of boundary recognition. Furthermore, clinical data from 50
cases were used as test group for assessing the accuracy and clinical effectiveness of this model. Results The fusion
model created by integrating the two models according to different weight ratios yielded the highest accuracy, and then
followed the EfficientNet-b3 model, with the Xception model showing the lowest accuracy. In each model, the boundary
recognition accuracy of 5-slice image is higher than that of 3-silce image, and that of 1-slice image is the lowest. The
recognition accuracy of fusion model of the 5-continuous-slice image for upper edge of liver, lower edge of liver, upper
edge of spleen, lower edge of spleen, lower edge of left kidney, lower edge of right kidney, lower edge of stomach and
lower edge of gallbladder was 91%, 87%, 92%, 85%, 92%, 95%, 76% and 74%, respectively. The fusion model was checked
with the effectiveness data of 50 cases, yielding 88%, 86%, 88%, 80%, 82%, 80%, 69%, and 65% accuracy for 8-slice image,
respectively, and the accuracy of meeting clinical application requirement was as high as 98%, 98%, 95%, 98%, 99%, 98%,
80% and 77%, respectively. Conclusion By increasing boundary change logics in the continuous slices, the fusion model
integrating different weight proportions demonstrates the highest accuracy for identifying the boundary of upper
abdominal organs on CT images, achieving high examination effectiveness in clinical practice.
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Fig1 A, B and C are the grayscale CT images in the same location with

different window width and level. D is the generated color image of

red, yellow and blue derived from A, B and C
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Fig 2 B is the boundary slice, while A and C were the slice above and the

slice under, respectively. D is the generated color image of red,

yellow and blue derived from A, B and C
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Fig 3 The performance of different models for boundary identification based on 1-, 3- and 5-slice images

Accuracy ranged 0-1.0, on the left side of each figure.
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Table 1 The diagnostic performance of different models for identifying the boundary of organs in upper abdomen of 2 000 patients

Accuracy
Edge Case/layer Xception EfficientNet-b3 Fusion model
1-slice 3-slice 5-slice 1-slice 3-slice 5-slice 1-slice 3-slice 5-slice
Upper edge of liver 2 000/6 000 0.67 0.82 0.84 0.81 0.83 0.85 0.87 0.89 0.91
Lower edge of liver 2 000/6 000 0.53 0.70 0.70 0.69 0.71 0.74 0.76 0.82 0.87
Upper edge of spleen 2 000/6 000 0.70 0.77 0.79 0.77 0.81 0.82 0.84 0.90 0.92
Loweredge of spleen 2 000/6 000 0.55 0.80 0.78 0.75 0.82 0.83 0.78 0.83 0.85
Lower edge of left kidney 2 000/6 000 0.64 0.81 0.82 0.79 0.82 0.83 0.86 0.90 0.92
Lower edge of right kidney 2 000/6 000 0.62 0.79 0.81 0.78 0.80 0.81 0.86 0.93 0.95
Lower edge of gallbladder 2 000/6 000 0.49 0.64 0.62 0.58 0.65 0.66 0.63 0.71 0.76
Lower edge of stomach 2 000/6 000 0.43 0.56 0.53 0.51 0.57 0.59 0.58 0.67 0.74
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Table 2 The specific slice of 3-D data recognition of the fusion model in
50 patients (150 layers)

Total/  Upper  Boundary  Lower

Edge layer slice/layer slice/layer slice/layer
Upper edge of liver 150 15 131 4
Lower edge of liver 150 17 130 3
Upper edge of spleen 150 7 132 11
Loweredge of spleen 150 4 120 26
Lower edge of left kidney 150 1 123 26
Lower edge of right kidney 150 3 120 27
Lower edge of gallbladder 150 30 103 17
Lower edge of stomach 150 34 98 18
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