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Abstract: In medical image processing, the reliance on independent encoding components makes
it impossible to achieve joint optimization of data compression and machine vision tasks. To
address this issue, an end-to-end machine vision task-driven medical image compression network
(MVMICNet) was proposed, achieving harmonious unification of data compression and medical
image analysis in an end-to-end manner. To maintain the performance of machine vision tasks
before and after medical image compression, a task-aware improved code rate-accuracy loss
function was designed. By introducing task-related loss terms, it dynamically balanced the
relationship among code rate, reconstructed image distortion, and machine vision task accuracy
during the optimization process. Furthermore, the MVMICNet model adopted a stage-wise
training approach, specifically optimizing for the different characteristics of machine vision tasks
to ensure that the model can accurately capture the feature information crucial for diagnosis. This
has achieved a simultaneous improvement in compression efficiency and task performance, thus
demonstrating superior robustness in complex medical application scenarios. Finally, the
effectiveness of the framework was verified in semantic segmentation and object detection tasks.
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Table 1 Comparison results of semantic segmentation accuracy on CVC—-ColonDB dataset
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Fig. 3 Comparison of code rate-accuracy curves for different algorithms on CVC-ColonDB and ChestX-Det
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* ' N Fig.5 Reconstruction results of the same image
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Table 2 Comparison results 1 of object detection accuracy on ChestX-Det dataset

rh MVMICNet BPG
2N
" 2,=0.00001 1,=0.0001 1,=0.001 A,=0.1 ¢=34 g=31 q=28 q=25
Bpp 0. 047 0. 060 0.074  0.089 0.046  0.060 0.079  0.091
PSNR/dB 41.14 41.93 42.57  43.10 35.98  37.50 38.76  39.52
MS-SSIM 0.984 7 0.9877  0.9898 0.9913 0.9594 0.9695 0.9767 0.9834
IoU= H—BL 0.0797 0.089 9 0.1010 0.1154
. 0.0300 0.0491 0.0300 0.0934
0.50:0.95 BBt 0.0838 0.094 9 0.1056 0.1201
BB 0.1649 0.190 1 0.2184 0.2410
mAP ToU=0.50 0.0640 0.1069 0.0640 0.2033
OB 0.1759 0.2036  0.2304 0.2536
BB 0.0693 0.0820  0.0920 0.1006
IoU=0.75 0.0235 0.0363 0.0235 0.0847
FEBBr 0.0719 0.084 7 0.0936 0.1031
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Table 3 Comparison result 2 of object detection accuracy on the ChestX-Det dataset
. MBT2018-Mean Cheng2020-Anchor
Febx
q=5 q=4 q=3 q=2 q=5 q=4 q=3 q=2
Bpp 0. 041 0.054 0.072 0. 097 0. 043 0. 061 0.079 0.093
PSNR/dB 37.36 38. 60 39.98 40. 81 39.41 40. 63 41.63 42.36
MS-SSIM 0.969 1 0.9740 0.978 8 0.9845 0.979 6 0.9832 0.9854 0.986 6
ToU=0.50:0.95 0.0484  0.0699  0.0864 0. 096 7 0.0649 0.0840 0.0967  0.1062
mAP ToU=0. 50 0.1024  0.1427  0.1831 0.214 1 0.1282  0.1734  0.2082 0.2237
IoU=0. 75 0.036 1 0.0542 0.0723 0.087 1 0.0554  0.0747 0.0876  0.0924
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Fig. 6 Visual result comparison of object detection by different algorithm on ChestX—Det dataset
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Fig. 7 Reconstruction results of the same image from
ChestX-Det dataset by different algorithm
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Table 4 Impact of parameter \, on semantic
segmentation performance
1 Bpp  PSNR/AB  mloU/%  #ERfI#/%
0.1 0.25230 24.250 33. 040 45.5
0.001  0.24560 31.880  45.780 63.0
0.0001 0.24320 35.080 58. 030 79.9
0.00001 0.24310 34.570 52.710 72.6
4 45 ik
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J 45 ) 2% MVMICNet , i 23 F4 7 vt 21 35 9 6 A5
FRAEZE , BT S0 T TG 4 -5 5 o B AT
55 R P ) 5 S 48— | 28 T AL G Ak B P
R 45 -5 0 B A R 24004 JR B A O M, AR SO
TE T RS - A R A8 K BRI, RIS 1 35 1 b AR B
X LG AT: 55 28 O T B2 Wi R AE . EE TR [T
5 AR SCETE T S B B AL SR W, 2 5 1 46
T2 AW GEAT 55 WP RE . S BG4S S R,
MVMICNet 7E PR 3IE H 47 22 ¢ EAERERY R4 T, fE
B LR B PR LA AT 55 M AR L B UE T R
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