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Abstract

The Moving Picture Experts Group (MPEG) is developing a new video coding standard called Feature Coding for Machines
(FCM), designed to efficiently compress features extracted from images/videos in machine vision applications. This paper proposes
compression enhancement methods for the Feature Compression Test Model (FCTM), the test model of FCM, by applying a
Selective Learning Strategy (SLS) and QP-Adaptive Channel Truncation (QACT). SLS rearranges feature channels in a feature map
in the order of their importances, thereby spatially concentrating feature energy and enhancing spatial correlation. Based on this,
QACT adaptively adjusts the resolution of the feature map by truncating less important channels depending on the compression
rate, improving the performance of FCTM across a wide range of bitrates. The proposed method achieves up to a 63.32%
reduction in BD-rate and an overall 22.9% improvement in BD-rate compared to FCTM v5.0.
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Fig. 1. Feature compression pipeline of FCTM
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ol

5 3
g 10 g
B >
<y 08 &
] o
bt 0.6 5
= k-]
] o4 &
= o
E 0.2 E
=] =]
= 00 2

(a) Without SLS (b) With SLS

T2 4. sLs HEol| o2 FCTMe £8 o
Fig. 4. Energy distribution of the feature map in FCTM with SLS
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Fig. 5. Single-scale feature map of FCTM
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320 channels (16x20 packing) 160 channels (10x16 packing) 80 channels (8x10 packing) 40 channels (5x8 packing)

12/ 8. SLS 9 QACT HN2= FCTMe EX
Fig. 8. Feature map of FCTM with SLS based QACT

V. MEda 3t DACIA = IAE A B3 2 A T oA
+ Openimage V6 <5 BlolBAlS A3 A 53

¢157-¢l 41 Openlmage V64t PedtrackPP tl o] E1Al §H7)

FCMol A& & 29t 7o) Aetr&E2] AsH 7S 9l
1 FE3te] e APk EARFE AF A5 W
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Table 2. Training information by model at split points

~
=]

2R A
= 49& FCMe) CTTCe] o)

el

A3 L 2HMSE:  Mean
(distortion)= 7]¥FC.Z g &-

1. ) (learnable inner codec)oll A Al4tE HIE &3
Squared ErronZ A% 93
9 = (rate-distortion) T4 %

Task Instance segmentation Object detection Object tracking
Batch size 1 1 1
Training time About 5 days About 5 days About 5 days
Pre-trained Pre-trained Pre-trained
Mask R-CNN model Faster R-CNN model jde-1088x608 model*Y
Training Detectron2™™! Detectron2 (jde.1088x608.
sets (model id: 139653917) (model id: 39173657) uncertainty.pt)
Dataset: Openlmage V6 train Dataset: Openlmage V6 train Dataset: Openlmage V6 and
dataset dataset PedtrackPPtrain dataset
Number of 21 epochs 30 epochs 21 epochs
epoch
Learning rate Initial learning rate: le-4 Initial learning rate: le-4 Initial learning rate: le-4
Optimizer Adam Adam Adam
Loss function Rate-Distortion(MSE) loss Rate-Distortion(MSE) loss Rate-Distortion(MSE) loss
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3. FCMm2) (CTTC)
Table 3. FCM CTTC
Task Train Dataset Test Dataset Network Architecture
Instance Openimage-V6i2 (5k) Mask R-CNN X101-FPNIY
segmentation
Openl -6 (trai
_ penimage-V6 (train) Openimage-V6 (5k) Faster R-CNN X101-FPN”
Object
detection SFU-HW™ (video) Faster R-CNN X101-FPN
[14] (i ~ [11]
Object Openlimage-V6 (train), TVD™ (video) JDE-1088x608
tracking Pexel & Pixabay datasets HiEve™ (video) JDE-1088x608

gelgth FCTM9] 3t 34 7}%6& dEZY Fdg AL, AA o2 7 thH] HF 22.90%2] BD-rate ©]
W 02 ARg-sto] 7 W4 © 2 FENet? DRNet 5ol Slag BTh 78 s He “—%“o*:% gl
& sk 1 Sh9 WC S & 1—% A7) S8l @ O AW F SLsw H4d HeS E 59k 7
41 DRNet= "X 28k 24k S50 2 #AE £ = oh & 59 & 45 WX A2 o, ALY F SLSel
Bol A A 17 Sheito R aﬁgaoau} 2ESH @ 4Eusel 2 A IAT F Ao 19 o 7
Aol A+ SLS9 QACTE FCTM %9 £3ste] CTTC A5 F HZE dHolHA ek F 4 Bl ¢4F45
o wet A9 st on, A4 A CTTCY uhet < &-4%(RP: Rate-Performance) =41 2.2 el Zlo]
28 = ATt otk dF dHolgAlol A RP =4 9] W AH7E hAIRE Ak
X 4= Aot A5S FCTM v5.09 v 23k A5 Ao Z 7]1E FCTMY A 5S 93] 7fAsS g
S ekl Rl & 43} o] AR 71Ee FCTM % 9tk
V5.0 Bt BE -0 BE wlolEAledA 45 HAde
5. SLS 9| FCTM v5 =  (BD-rate)
4 9| FCTM V5 ol&  (BD-rate) Table 5. BD-rate of the proposed SLS-only compared to FCTM v5
Table 4. BD-rate of the proposed method compared to FCTM v5
Task Dataset BD-rate
Task Dataset BD-rate Object . oIV6 -10.75%
segmentation
Object segmentation OlVve -14.45%
OlIV6 -24.91%
OIV6 -20.67%
Object SFU Class A/B -67.48%
. - 0,
Object SFU Class A/B 63.32% detoction SR oo1%
detection SFU Class C -27.95%
SFU Class D -33.15%
SFU Class D -37.16%
- 0,
VD -8.85% TVD 4.72%
Object , Object HiEve 1080 -2.60%
trac’king HiEve 1080p -5.59% tracking I=ve 1050p 0
HiEve 720p -5.20% HiEve 720p -4.20%
Overall -22.90% Overall -21.80%
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MAP (%) vs BPP AP (%) vs BPP
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~-QACT with LS. ~-QACT with SLS

mAP (%)
mAP (%)

8PP 8PP
(@) Openlmage Segmentation (b) Openimage Detection
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555 / Ed
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46 55

“ e
2
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“ ~-QACT with SLS s ~+-QACT with SLS
£ g
335 5
36 40
z.
35
2
o 500 1000 1500 2000 2500 o w0 we  ao w0 w0 w0 a0
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(e) SFU Detection Class D (f) TVD Tracking overall
MOTA (%) vs Kbps MOTA (%) vs Kbps
% e
36
" Ff;;/—q %0 .
2 ~+FCTM-v5.0 anchor ~+-FCTM-v5.0 anchor
~+-QACT with SLS 3 ~+~QACT with SLS
g2 £
§ §
28 H
30
26
24 2
22
o w o w0 om0 0 b um 160 0 300 w00 500
Kbps Kbps
(9) HiEve Tracking 1080p (h) HiEve Tracking 720p
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Fig. 9. Compression performance of the proposed method compared to FCTM v5.0
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