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[Abstract]

In this paper, the Failure-State Assessment and Transition Estimation Scheme(FATES) for
Tracking-by-Detection is proposed. FATES transforms degradation in MOT metrics into multi-label failure
compositions and perturbation-space transition intervals using four labels: recall loss, fragmentation,
identity-association failure, and localization instability. Rules selected from development data are evaluated
against predefined operational event references using 1,260 synthetic runs and 45 window—tracker samples
from MOTI17, MOT20, and DanceTrack. On synthetic data, agreement with these references yielded
96.8% Macro-F1, 96.9% Micro-F1, and 91.1% exact match. External evaluation was limited to supported
failure states and did not assess transitions. An offline application improved mean IDFI from 64.0% to
67.8% and MOTA from 53.9% to 69.9% on 630 synthetic outputs. On 45 external samples, the gains
were limited: IDF1 increased from 55.4% to 55.6% and MOTA from 50.9% to 51.3%.

» Key words: Multi-object tracking, Tracking-by-detection, Detection perturbation, Tracking failure analysis,
Robustness evaluation
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I. Introduction
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II. Related Work

1. MOT and association
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2. Evaluation and Failure Diagnosis
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3. Perturbation and Interpretable Assessment
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III. Proposed Method

1. Overview and notation
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Fig. 1. FATES assessment and its offline
correction application.
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Table 1. Main notation.
Symbol Meaning
G, DY GT, ideal detections, output
g h Detection perturbation: trajectory setting
d_j, theta_j, z_j | Degradation, threshold, normalized value
K: B_a(q); .
-ala) Label set: active set: summary state
F_a(q)
A_a(q); E(Q) Reference set; grid edges: transition
R_a intervals
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3. Failure composition and rule selection
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Table 2. Selected activation thresholds.

Label Degradation = threshold
R Recall drop = 0.102
F Gaps/object increase > 0.400
I IDSW/matches increase = 0.007500
L Mean IoU drop = 0.277428
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4, Event reference and transition intervals
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Table 3. Operational event-reference conditions.

Label Activation condition
abe (OR unless noted)
R Unmatched fraction>0.15; long-loss object
fraction >0.30
F Reacquisition gaps/object>0.50
I Consecutive ID changes/object >0.30; (wrong
matches =5 AND impurity =>0.02)
L Matched>0 AND (low-IoU fraction >0.25 OR
mean loU <0.70)
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5. Failure-conditioned offline correction
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IV. Experiments and Results

1. Experimental setup and data split
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2. Tracking performance with and without
FATES-conditioned correction
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Fig. 2. Correction results by tracker (x—axis): (a) IDF1 (%),
(b) MOTA (%), and (c) fragmentation events.
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Table 4. Tracking performance by policy (IDF1/MOTA:
%, AFrag.: events/output; mean+SD).

Policy IDF1 MOTA AFrag.
None 64.0+0.9 53.9+2.4 0.0+0.0
Fixed 66.8+0.8 685+1.6 58.243.1

Random 65.8+0.9 57.4+17 83.1£12.9
FATES 67.8+0.8 69.9+1.4 115.545.9
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Fig. 3. Bounding—box noise (x—axis, pixels): (a) MOTA
(%) before/after correction and (b) AMOTA (%p).

3. Failure-State Assessment and Baseline
Comparison
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Table 5. Synthetic comparison across six test seeds Table 7. External results (data: N/Macro-F1. state:
(mean £ SD; %). Pos./Neg./F1).
Method Macro- Micro- EM Tr-F1 Type Item N/Pos. Neg. Score%)
Fi Fi Data MOT17 18 - 66.9
FATES 96.7 96.9 91.1 89.1 Data DanceTrack 18 - 48.1
CART 78 780 748 1000 Data Overall 45 - 65.6
122 118 4.1 +00 State Recall 27 18 94.7
Random 97.6 97.8 94.2 99.8
Forest +2.0 +1.6 +35 +0.4
Initial 82.4 83.5 61.4 85.2
rule +2.2 +2.3 +0.8 +4.1 . .
Primary 88.9 88.5 64.0 67.9 V. Discussion
only +2.2 +1.8 +3.1 +3.1
&3 A189 Macro-F1& 96.8%% oL} AN /42
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Table 6. Macro-F1 sensitivity to prediction/reference
thresholds.

Scale Prediction Reference Unit
0.8 95.0 96.0 %
0.9 95.3 96.2 %
1.0 96.8 96.8 %
1.1 93.4 98.0 %
1.2 93.7 96.3 %

5. Generalization and Computational Cost
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VI. Conclusions
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