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Abstract

With the rapid proliferation of digital video content, demand for efficient video management has grown substantially. This study
proposes an integrated pipeline combining multi-object tracking (MOT) and re-identification (Re-ID) for effective keyframe
selection representing essential video content. We identify Track ID discontinuity as a fundamental limitation of tracking-based
keyframe extraction and address it through three complementary strategies: sliding window buffer-based Crop Histogram Track ID
restoration, Hybrid Continuity Score-based group boundary detection, and dHash-based structural deduplication. The proposed
system sequentially executes RT-DETR/YOLO-based object detection, BoTSORT-based multi-object tracking, enhanced frame
grouping, Perceptual Hashing deduplication, Bhattacharyya distance-based dual histogram filtering, OSNet-based Re-ID,
k-combination greedy keyframe selection, and DPT-based monocular depth estimation. Experimental results demonstrate that the
proposed method achieves improved Track ID continuity and reduced Re-ID processing time while preserving keyframe
representativeness relative to conventional pipelines.
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Algorithm 1. Multi-Object Tracking-Based Keyframe Extraction Pipeline

Algorithm 1 Multi-Object Tracking-Based Keyframe Extraction Pipeline
Require: Video V' = {fi,...,fr}, models Mqey, Micia, Maepin, thresholds
Terops Thybrids Thashs Thist s Tposts Treids Tmerge: Nuaxy Nout
Ensure: Keyframes K with per-object depth statistics ¥
/* Step 1: Enhanced Primary Selection */
LG+ Feo
2: for each f; € V do
3 Dy« Detect(fy; Mae); Ty + BoTSORT(D;)
4 T; ¢ CropHistRestore(T;, Buffer, -1, Terop)

> Eq(1).2)

B Suybeid ¢ wy I,‘ jD,‘} +wy exp(—Dp(he-1, 1)) + wioyToU > Faq.(3)
6: i Shybrid < Thybrid then

T F+ Fu{al'gnlangc(\Df\+5-”)LHZ.9,)} > Eq.(4)
8 G+ {fi}

9: else

10: G+ GU{fi}

11:  end if

12: end for

13: if G # () then F + FU {argmaxscq(|Dy| + ¢ - “)Lj‘ s}
14: end if
/* Step 2 & 3: Hashing & Histogram Deduplication */
15 F F\ {sz ‘ UH(hi:hiH) < Thash A ‘D-Hrl‘ < ‘U‘l‘} > dHaSh: E‘i-(ﬁ)
16: F 4+ FA{f5 | Dplhichy) < s A (T C TV T C T » Profile, Eq.(8)
/* Step 4: Re-Identification & Semantic Deduplication */
17: e; + Embed(crop;; Myiq) for all crop, € f € F
18: Assign Global IDs by greedy elustering {e;} per class with 7eq > Eq.(9)
19: Let O be the unified object set in ff For any pair (f;, fj) E F where i < j:
20: if |Dy| = |Dj| A |common| > 0 A \D ‘ D occommon LS¢ (€5, ) > Tnerge] > 0.95
then
2 F+ F\{f;}
22: end if
/* Step 5: Greedy Keyframe Selection */
23: Cy ¢ {(04,0,) | 04y 0, € Op,u < v} for each fy € F' > 2-combinations, Eq.(10)
1@ S0 K90
25: while |[K| < Nyux and 3 f; € F st. G\ S #0 do
26 f* - argmaxpep|Cy\ S
2 K« KU{f}; S«SuCy
28: end while
/* Step 6: Post-Processing & Depth Extraction */
29: K ¢ PostProfileFilter(K, mpos)
30: for each f € K do
3L depth_map ¢ Myepn(f)
32 for each object bounding box b; € Dy do

3]

>

=}

33: Apply OtsuThreshold to normalize(depth _map|b;])
34: W; < {1,0,pas, pso, prs} of foreground depth pixels
35:  end for

36: end for

37: return K, ¥

AEE frame Combination 1
. . . irwi 20 ol %|

Object | | Object Key Frame Duplicate Scene P;L:L\As’:te 7]1}} ; gg ;H; gzs:'}:;;
Detection Tracking Selection Grouping (Re-ID) Selection Z4H) 3, (2D $IX3, Depth3)
245 4, (2D 91 X]4, Depthd)

Combination 2
- Depth ma 24| 1, (2D 9IXI1, Depth1)
N 20 4 ”“’ [2g | Exumatin A 30917 Depth M 250 3. 2D 9113, Depth3)
.. 3D?| Xl (Depth) 24K 4, (2D 9IX14, Depthd)
N p 247 5, (2D 9IXI5, Depths)

T2 1. Mol T 2K FH T 7| =2 FE

243 1, (2D YXl6, Depth6)

mo|=atele] M F=

Fig. 1. Overall architecture of the proposed multi-object tracking-based keyframe extraction pipeline
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Fig. 5. Histogram comparison between similar and dissimilar frames in profile tracking
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Algorithm 2. Greedy Keyframe Selection via k-Combinations

Algorithm 2 Greedy Keyframe Selection via k-Combinations
Require: Filtered frames F = {fi, ...
tion Npax
Ensure: Selected keyframes K
LS«0; K0
2: for each f; € F do
3 Ct(*{(oi, Oj) ‘Oi, 0 €0y, Z<]}
4: end for
5: while |[K| < Nyax and 3f;: Cy\ S # 0 do
6
T
8
9

, fm}, combination size k, max selec-

> k-combinations, Eq. (10)

[+ argmax; |Cy\ S|

K+ KU{f}; S« SUCy-
: end while
: return K
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Table 2. Quantitative performance comparison(averaged over 50 TVSum videos)

Method Precision Recall F-1 score
Uniform Sampling (interval=5s) 0.1314 0.1982 0.1502
Uniform Sampling (interval=15s) 0.1343 0.0675 0.0858
YOLO + BoT-SORT + Re-ID 0.0652 0.8380 0.1142
YOLO + BoT-SORT + Re-ID + Greedy 0.1653 0.7152 0.2450
Proposed (Ours) 0.8103 0.6520 0.7077
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¥ 3. M2| &2 H|W(TVSum 50H )

Table 3. Processing efficiency comparison(averaged over 50 TVSum videos)

Method #Frames RelD (s) Total (sec)
Uniform Sampling (interval=5s) 50.78 - 0.0231
Uniform Sampling (interval=15s) 17.28 - 0.0045
YOLO + BoT-SORT + Re-ID 803.94 74.8822 187.9174
YOLO + BoT-SORT + Re-ID + Greedy 227.52 74.7738 172.973
Proposed (Ours) 26.84 1.481 121.4426
Zol AE&(Recall)o] HobAl= 3HA, A2 F-7ko] AR TFERAAG 7N FES O AAGoEN, OF
A% A% Y AW FH FEE A AUE L OF AT I 94 WES ESE AP
(Precision) 9A| A3lEs 324 Ao 7]913%t) (true positive) Z#H A5 AHT & AU
YOLO 7% 719} BoTSORT 5% 7], OSNet 714} 7 2]8 3 30 AAE AP 28 vl A AR Wil 4%
RelD) e AT 324 /M AZAANVOLOT = FHRL o2 Ak 28 FAAHIE 712 024
BoTSORT+Re-ID)< 0.83802] =2 AdE&S ZAsI9G L E(bottleneck) A= S AH O Z A3EINSS HoEr)
u, AU EE 0.065200 13T lb F47] A4 A= A A2 H(Re-ID) TAIL A A7 FAHOZ 74
Q& 24 ID(Track ID) B2 &ol 2 718t kg 3h9, 712 Aol AE oF 8000 Fol Dabs F1 =a9)
(occlusion) ¥ A 7+ WA} A8l A T AAof A4t ID AAE TAE] OSNet Zdlo] YH3E & FAFS FAF
daEReg gugd el AARE FAG JUYe]l = /i) Y QNS SYFER, Y7 74882 At
% 27 FH0] WAE ACE Solsle] BUAF Zald A Aol ATk wkw, Ak sto]ZekeloHE o
ol v A EAT 1 A3, 4T Het 803.94% Ab Fo]l AiA SR W dHash B S| 2ETIF 7k I
o] g o] FEH o] L E(false positive)o] HA 3] =7} HE EES Re-ID @ o] %1 v x]3}ed, Re-ID &
stk BEA4 AHe dyeEFE F7hE 74(YOLO+ EL] QEEFJE TR 2y FE °§*o I 26.847%

BoTSORT+Re-ID+Greedy)oll A= A8 ZH|d 7} 227.52
Ao 2 7HA4dty AUET}0.16530.2 AF AN,
e e SR AA ] ofn] ID T S {F7F WA= o

ol FEAQ As Mdells dAZE EA AT

ofeol] whal A} WHL FLE 0.8103, AAE 0.6520,
Fl-score 0.7077% @43}, Hlaa 33 41 5(0.2450) o
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N
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I 4. Ablation Study ZZHTVSum 50 TT)
Table 4. Ablation study results(averaged over 50 TVSum videos)

Test Case | Skip ﬁ:stp Hycbsrid BESL dHash | profile ?ﬁztr Prec. | Rec. F1 fr/;;/r?e-s g-soet:)l

Baseline O X X X X X 0.237 | 0.488 |0.283 | 96.54 | 39.55

+All-Frames X X X X X X X 0.167 | 0.713 |0.246 | 227.3 168.9

+Crop Hist. X (0] X X X X X 0.167 | 0.713 |0.246 | 227.3 197.3

+Hybrid CS X (0] (0] X X X X 0.325 0.200 |0.240 | 20.34 117.2

+Best Quality X (0] (0] (0] X X X 0.783 0.648 | 0.694 | 27.64 118.0

+dHash X (0] (0] O (0] X X 0.798 | 0.650 |0.701 | 27.18 117.8

+Profile X (0] (6] O (6] (0] X 0.810 | 0.652 |0.708 | 26.84 117.7

+Full (ours) (0] 0} o (0] (0] o (0] 0.810 | 0.652 | 0.708 | 26.84 | 117.8
2 23 Ak A B2~ 71ke] 4 ID 89 v A RE 23S
3# 49 3] WstE £ A3 sho]ZeEkel 7F ©A < AXE TOFFo] AEHd wel, 8 29 71 2273%
A3} ATA 7t HEs] FlET) 41, (a) Baselinedll oA 2034702 OF Taste B Q3 g o]
A Zad 245 AAT (b) +All-Frames 745 483 FHHCRE A AT ARG 7P @A HAE
735, ©A Feto] WA Eo] Al @& 048840141 0.7132% (e) Best-Quality =5 57} ©Alo| A Yebsth ol 15
A8 Atk 22 71 F47] 249 ID 9 & o] AIZH T ZE S dEAHCE HEsid 7|E
AE sl Y Aol thre] IFo R e £ A sty I5 Wl ¥4 AA ¢ ¢ A= MY =
A, A ZE Y 7F 96547801 227302 HEeta 2 AFA ZHS tlE ZHYoR AAs s WY
AUEE 02379014 01672 stetale 45 dA(trade-off)  Atolth o] F T3l BA Bl & 7Hd @4l AF AF
7F BZE A olE g AR FAIE (¢) Crop Hist. & A ZaQlo] WA= WA FUETE 0325004 078322 F
% (d) Hybrid €S9} #2314 F7k8 gl slasdch A2t A3 & <

AFE] AT o] F (f) dHash 2 (g) Profile TrackingS

Proposed
method

Proposed
method

Proposed
method

38 9. Mot mo|=efele| AE 7= FE 21t oAl

Fig. 9. Example of final keyframes extracted by the proposed pipeline
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