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Figure 2: Proposed Method (PM).

1. Input: The proposed model takes any kinematic signal from a cyclic 
activity and its sampling rate as input.

2. a) Estimate Frequency: The signal’s fundamental frequency f0 is 
estimated using the Harmonic Product Spectrum algorithm [1].
b) Extract Pattern: Recurring patterns (S) in the signal are identified by 
seasonal decomposition.
c) Generating Template: A template is extracted from S with duration T 
= 1/f0.

3. Output: Cycles are found with a Euclidean-distance-based similarity 
search to the template.

● Kinematic signals during cyclic activities need to be structured 
according to specific events to be able to make comparisons. In gait 
these events are typically heel strikes (HS) or toe offs (TO).

● Events can be detected by kinetic-based methods, which are not always 
available, or kinematic-based methods, which are typically 
activity-specific and require domain knowledge.

● There is a need for domain-agnostic, train-free methods to structure 
signals during cyclic activities.
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1. Linear Mixed Model (LMM) between all methods and the ground truth 
(cycles found from concurrent force platform data) cycle counts. 

2. LMM between methods that overlapped the 0-difference line in the 
Cycle Count LMM and the ground truth cycle durations.

3. Per-trial cycle durations RMSE between methods that overlapped the 
0-difference line in the Cycle Duration LMM and the ground truth..
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Figure 1: Normalized gait kinematic signals structured by HS events. 

Figure 3: Fixed and random effects in LMM for 
cycle counts and durations. 

Dataset 1: 42 healthy participants (18F, 21-84 years) instrumented treadmill 
walking at slow, normal and fast speeds; lower limb (26 markers) data 
collected at 150Hz. [2]

Dataset 2: 12 healthy participants (5F, 21.8  ±  3.2 years) instrumented 
treadmill walking; lower limb (35 markers) data collected at 200Hz. [3]

Dataset 3: 26 participants with Parkinson’s Disease (6F, 44-81 years) 
overground walking on and off medication; full body (44 markers) data 
collected at 150Hz. [4]

6DOF modelling and processing of kinematic signals was done in 
Visual3DTM. Ground truth gait cycles were found from concurrent force 
platform data.

Table 1: Literature methods used for comparison. Cycles were found by 
repeated gait events or peaks. Cycle counts and durations were extracted 
from each dataset. The DA and PM processed 6 different signals (left/right 
knee flexion, hip flexion, and vertical ankle position) to test generalizability. 
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Figure 4: Cycle Count LMM and Cycle Duration LMM. A difference of 
0.025 seconds is equivalent to ~5 frames [2,4] and 6 frames [3]. 

Figure 5: Per-trial cycle duration RMSE of methods at each speed that 
overlapped the 0-difference line in the Cycle Duration LMM.

● The PM does not require training data, does not use activity specific 
heuristics, and works for any periodic signal.

● The best and worst of our PM predictions had a median RMSE of 18.7
±0.7ms (Fast) and 38.6±2.3ms (OFF). 

● The PM was consistent across all signals tested and outperformed all 
other methods, except K8 which had comparable results. 

● Given the PM domain agnostic nature, future work will expand 
applicability to additional cyclic activities.

Kinematic Based Methods Deep Learning Method

K1/2: HS/TO by Foot Position [5] DL1/2: HS/TO by IntellEvent [9]

K3/4: HS/TO by Foot Velocity [5]

K5/6: HS/TO by Toe Acceleration [6] Domain Agnostic Method

K7/8: HS/TO by Heel Velocity [7] DA1-6: Peak Detection Method [10]

K9: HS by Peak Hip Extension [8]
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