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Introduction

Siamese trackers
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SiameseRPN tracker (Bo Li, CVPR 2017)
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Introduction

Current state-of-the-art trackers

* No model update and cannot learn target-

specific variation adaptively (Siamese)

» Axis-aligned results contains extra noise

* \Weak at rotation and scale estimation

Proposed RSINet tracker
* Model update adaptively and dynamically

* Object-aligned model without extra noise e

* Tailored for rotation and scale estimation



Rotation-Scale Invariant Network (RSINet)
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Rotation-Scale Invariant Network (RSINet)

» Target-Distractor Discrimination ( ) module:
Score map: s(z,w) =m-(zxxw)+ (1 —m)- -max(0,z *w)

TDD Loss: Lua(w) = S5 s w) — ylf? + [y wl?

(x,y)ES

* Rotation-Scale Invariance Module (RSI) module:
FI'™ h) = tpg(hs * P2 (ha * 1 (ha « I'7)))

Rotation-Scale formulation in log-polar: 1,2 ,(p,0) = I,’(p — Ap,0 — A6)

RSI LoSS: Lys(h) = ZHR P h), gi)lI? +Z>~ Ihal®



Online Tracking and Adaptive Model Update

« Considering the model reliability, we propose the spatio- Online tracking process
temporal energy ¢ :
Algorithm 1: Proposed RSINet Tracker.
 Ymaz — fs Ymaz — [t Input: Pre-trained .Network rrllodel M and Initial
£ = X frame I with annotation.
. Us PN Ot , Output: Estimated target state Of = (¢, ys, St,7¢ )5
e e Updated model filters hy.

while frame t < length(video sequence) do

Feed new frame into Siamese network to predict
new target state (g, ¥y, S¢, 7).

if (¢ | 10) then

Calculate spatio-temporal energy ¢, in [Y]

if ¢ > reg then
Derive steepest descend update rate o, [10]

T 1
» The steepest gradient direction a, = VZI(}(;); A@-VVL I(/}(Lh)i)

« Finally, we design the relatively modest but more » | &+ min(la), [11]
. ; i i end
. . Update tracking model filter
efficient update rate o (adaptive gradient decent) is : .
finalized as ] Wi+l = ht 4 oV L(hY).
« = min(—, ay) end
€ t=1t+1

end




Experimental results

Ablation study OTB100 benchmark

Precision plots of OPE . Succless plots of‘OPE ‘
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Precision

Experimental results

LaSOT benchmark VOT2018 benchmark

o8 Precision plots of OPE on LaSOT Testing Set . Success plots of OPE on LaSOT Testing Set DT EAO with Speed on VOT2018
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Conclusion

» RSINet consists of TDD branch and RSI branch. TDD branch learns target discriminative
model, while RSI model learn rotation and scale transforms during tracking

» For model stability and reliability, we propose adaptive gradient descent mothod to
efficiently improve tracking robustness and speed

» RSINet keeps a good balance between tracking accuracy (0.604 on VOT2018) and running
efficiency (45 FPS)

» And we address the drawback of our tracker in long-term tracking problem for future works
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