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Abstract

The feature map used in the network for deep learning generally has larger data than the image and a higher compression rate
than the image compression rate is required to transmit the feature map. This paper proposes a method for transmitting a pyramid
feature map with high compression rate, which is used in a network with an FPN structure that has robustness to object size in
deep learning-based image processing. In order to efficiently compress the pyramid feature map, this paper proposes a structure
that predicts a pyramid feature map of a level that is not transmitted with pyramid feature map of some levels that transmitted
through the proposed prediction network to efficiently compress the pyramid feature map and restores compression damage through
the proposed reconstruction network. Suggested mAP, the performance of object detection for the COCO data set 2017 Train
images of the proposed method, showed a performance improvement of 31.25% in BD-rate compared to the result of compressing
the feature map through VIMI12.0 in the rate-precision graph, and compared to the method of performing compression through
PCA and DeepCABAC, the BD-rate improved by 57.79%.

Keyword : Feature map compression, Feature pyramid network, Video coding for machine, Deep learning network,
Principal component analysis
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Table 3. bpp and mAP of the proposed method according to QPs on COCO data set 2017 Train 5000 images

ap MPEG-VCM anchor KW_anchor Proposed
AP_S(%) | AP_M(%) | AP_L(%) AP_S(%) | AP_M(%) | AP_L(%) | AP_S(%) | AP_M(%) | AP_L(%)

22 35.6 61.16 70.01 - - - -

27 33.82 59.61 68.72 - - - -

32 31.26 55.87 64.87 28.35 61.43 71.97 27.39 62.70 72.40
37 24.39 47.53 57.85 25.67 61.20 71.93 2547 61.25 69.71
42 14.31 34.77 46.44 20.53 59.35 70.81 20.23 60.32 69.67
47 4.65 17.86 31.18 10.28 50.74 66.37 11.23 56.94 70.14
52 - - - 1.97 20.42 43.06 - -

57 - - - 0.29 143 4.76 - -




r—1n

T 4. HotstE gio] QP @ COCO H|O|E{Al 2017 Train images 5000&0f CHSH 24X =7(of w2

2 A27A A3E, 202244 59 (BE Vol.27, No3, May 2022)

bpp & mAP

Table 4. bpp and precision of the proposed method according to QPs on COCO data set 2017 Train 5000 images

ap MPEG-VCM anchor KW_anchor Proposed
bpp mAP (%) bpp mAP (%) bpp mAP (%)
22 1.58 55.06 - - - -
27 0.99 53.63 - - - -
32 0.58 50.31 2.55 51.93 0.69 51.62
37 0.31 42.88 1.31 50.83 0.36 49.33
42 0.15 31.61 0.67 47.67 0.28 47.06
47 0.06 17.87 0.38 40.26 0.19 43.57
52 - - 0.27 20.57 - -
57 - - 0.22 2.00 - -
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Fig. 9. Rate-precision graph on COCO data set 2017 Train 5000 images
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T 5. M|oksk= BHHol COCO H|O|E{M! 2017 Train images 5000%01| CHEH
BD-rate

Table 5. BD-rates of the proposed method on COCO data set 2017
Train 5000 images

Target BD-rate on mAP (%)

anchor mAP (%) | AP_S (%) | AP_M (%) | AP_L (%)
MPEG-VCM

anhor -31.25 28.8 74.99 -86.35
KW_anchor | -57.79 -60.11 -66.83 -41.87
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