Comparison of a threshold and a DTW based
algorithm for automatic jump segmentation
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Abstract- The evaluation of vertical jumps is an emblished method in sports performance and medical
diagnostics. To simplify data analysis such jumpingeries need to be segmented automatically. In the
present study, we investigated two algorithms (thrghold based; dynamic time warping based) regarding
their performance to segment vertical jumps on théasis of biomechanical data. Data from 9 subjectsag
acquired in a motion capture laboratory using 8 infared cameras and 2 force plates. The data was
manually annotated (reference data). Algorithm paraneter optimization was then performed to minimize
misdetections as well as detection time differencdmtween gold standard and automatic segmentation.
The threshold based algorithm correctly detected &ljump trials, while the dynamic time warping
approach showed lower detection rates with a highetemporal deviation of the determined jump’s start
and end points.The threshold based approach may be used as a redéeice algorithm in the evaluation of
other segmentation algorithms.
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1. INTRODUCTION

Vertical jumps such as counter movement jumps (Chtlat jumps (SJ) or drop jumps (DJ) are estaddisbols
for the evaluation of jumping performance [1,2,Bhe evaluation results play an important role noly an

enhancing performance in professional sports, Isotia clinical diagnostics for providing informati about joint
and muscular pathologies and for prevention [4/%,8 standard evaluation method is the analysigrofind
contact and flight times and the calculation of juperformance parameters [8]. Furthermore, modestiom
laboratories allow for the investigation of kinemaand kinetic biomechanical parameters such ad pmgle,
moment and power curves. For the efficient analg§ia high number of trials and the incorporatiansports
medical diagnostic routines, manual segmentatigghtmot be an option due to time limitations anel tieed for
repeatable and robust analyses. Therefore, autbseimentation algorithms are required.

In this work, two automatic segmentation algorithane compared. The first algorithm is thresholdebdaand
represents a simple approach. The second algotites template based segmentation. When using datemp
based approach, nonlinear matching is needed, segamps are usually non-periodic motions and fidér
subject temporal differences exist. Different matghalgorithms exist [9] and in this work we chabgamic
time warping (DTW) [10]. As we use multiple biomeciical parameters and want to detect subsequeinaiés s
to predefined templates, multidimensional subsecg®TW [11] was applied on the jumping data.

A standard method to determine ground contact timgamping performance evaluation is the usagéoafe

plates [12] or optical systems (such as OptoJuniprdgate, Bolzano, Italy). The obtained resultsfarther used
to deduce other important parameters such as aatete velocity and power output in vertical jumgs12].

Nevertheless, they cannot be used for a biomechlaaitd neurophysiological analysis and they provide
information about other sub phases of a jump. Hsalts from a preceding segmentation can be usebttn

information of all jump phases and to extract ratevjump parameters. As subsequence DTW has altesety
successfully applied on gait signals with lengthations [13], it is now applied on vertical jumg=or the used
jump types, evaluation results for neither thredhmzsed algorithms nor DTW have been found.

The purpose of this work is therefore to compageghrformance of a threshold based segmentatiamitilg

and a multidimensional subsequence DTW algorithpliegh on biomechanical data for three common juypes
(CMJ, SJ, DJ). An application of an automatic sega#on is a fast data analysis with repeatablecandparable
results on extensive jump trial series.

2. MATERIAL AND METHODS

Data acquisition
Nine healthy subjects volunteered for this study gave written informed consent (3 females, 6 malge 23.2
+ 1.5 yrs; weight 69 * 9 kg; height 177 + 7 cm [meaSD]). The study was approved by the ethics citteenof



the University Erlangen-Nuremberg (Re.-No. 106_13 Meither of the subjects performed a jumping tegla
sport nor was familiar with functional testing ugivertical jumps.

Data collection took place in a biomechanical lalbmty consisting of 8 Qualisys infrared camerasal@ys,
Gothenburg, Sweden) and a split belt fully instrated treadmill (Bertec, Columbus, OH, USA), whichsnmused
to collect force data for both feet separately.dfimatic data was sampled at 200 Hz frame rate otloe flata at
1000 Hz. Both modalities were acquired in QTM 2ZZudlisys) using camera frame wise synchronizatn.
passive markers were attached to unique anatori@ndimarks (6 degrees of freedom marker set inctudin
clusters and Visual3D pelvis definition) of the lembody for computation of the static biomechaninatlel and
32 markers were used for angular calculation ugisgal3D (C-Motion, Germantown, MD, USA). Left andht
ankle, knee and hip angles as well as pelvic aragidsposition (relative to the laboratory coordénsystem) were
calculated using 6 degrees of freedom.

The subjects started with a 5 minute warm up oycing ergometer at 80 W in order to reduce thk aiinjury
and to increase neuromuscular motivation. Afternsa@ jump-and-reach-test was performed to quattiéy
subjects’ jumping performance (mean height 41 m8.cThe jump types were explained and demonsttatéue
subjects before each series. The subjects werevaglldwo test jumps per type for training purposEsey
executed each jump at least eight times. Theyestarith DJ (elevated position height of 40 cm){las jump
type aims at the reactive capabilities and is mbatlenging. The jump type CMJ followed. The lashp series
consisted of SJ (squat position duration 1s), ssjtimp type starts from a squat position with aglgre-stretch
period. It is therefore not influenced by smallgetching effects of the former jumping series. Plagse duration
between each jump type was 10 minutes for a compéstovering from fatigue. The pause between iddadi
jumps for each jump type was 6 s for DJs and 8 €fdJs and SJs. The pause times were used fongestid to
get back into the initial standing position.

Preprocessing

Markers were labeled by one expert rater in QTM exybrted to C3D files. Data preprocessing wasoperdd
in Visual3D. Cubic spline interpolation filled sigingaps of 100 frames or less. Second order Buttgnow
pass filters were applied to the data. A cutoffirency of 6 Hz was used for marker data, while &3@utoff
frequency was used for force data to better repteéswact dynamics of the jumping movements. Afendg, the
data was exported to Matlab (MathWorks Inc., Nati¢8A) for further analysis.

Algorithms

The obtained data was segmented manually base@oal inspection in Visual3D. The start and endhfsobf
the segmented jumps were used as a gold standaeddtuation of the two algorithms. The first threkl based
segmentation algorithm used biomechanical priomkedge about the jump sequences. The start of a WAsJ
based on a pelvis height threshold 'pelvisThrdgti'was below the initial standing height. The ead detected,
when the difference of the current pelvis heighth® initial pelvis height was below a thresholelvisDeV' for at
least a half second while the first frame of thindew was taken as end point. A SJ was first se¢gdeusing the
same procedure as for CMJ. Then, a second stéyisizvindow was performed: A threshold based onptlgis
height derivative (‘pelvisDiffDeVv’) for at least lia second found the beginning of the squattingitipm which
was then taken as the start point of the SJ. FpaEhreshold on the pelvis height from the ela¥atand was set
to detect the jump's start point (‘pelvisThresi)backward search was performed from the next jsrsgairt or
the end of the complete series. A jump’s end paid found when the two following thresholds werd: rtige
difference of the Lnorm of the left and right ground reaction vectwes larger than a threshold ‘delta’ and the
rotation of the pelvis was bigger than a certaimeghold ‘pelvisAngle’. The application of theseesinolds on
single jumps is shown in Fig 1. We optimized thee¢holds of this segmentation algorithm in a leane-
subject-out grid search regarding the improvemérnh® mean time deviation of the start and end tgairf the
jumps. The average threshold was then taken ftwduevaluation.
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Figure 1. Pelvis height of CMJ, SJ and DJ of repmeative single jumps. Threshold based segmentegigults
are indicated by vertical grey lines. The horizbdtshed lines indicate the thresholds on the péigight.



For the DTW based segmentation algorithm, templatese created for each biomechanical parameter (=
dimension) using the shortest jump that occurrethintraining set. We chose biomechanical parasetéh
regard to their relevance for jumping performance potential ability to segment the data sets. & pegameters
were pelvis height, knee, hip flexion angles andie@ ground reaction forces for both knees for Téhd SJ,
and additionally the pelvis rotation angle for DQsit of these parameters, subsets were chosenduahgated.
We normalized each dimension to the [0 1] intes@kthat parameters of different amplitudes couldised for
DTW segmentation. A neighborhood of 1/4 of the tligplength was ignored in order to avoid overlaps
segmented jumps. The cost thresholdas optimized in a leave-one-subject-out griddeaninimizing the mean
time differences and false positives and negatives.the evaluation results, the individually deteredt were
used.

To test the accuracy of the algorithms, the meae tilifferences (MTD) of start and end points ofr(ectly)
segmented jumps and false positively and falsetivefjasegmented jumps were taken into accountdbtescted
jumps were not taken into account for MTD evaluatibhe evaluation was performed by a leave-oneestiojut
cross validation.

3. RESULTS

The average mean time deviations and false positvel false negatives for both segmentation algostare
given in Table 1. The threshold based segmentatigarithm segmented all jumps correctly. The avedag
parameter grid search results are pelvisThreshz=0.p&lvisDev=0.020 (CMJ); pelvisThresh=0.719,
pelvisDev=0.028, pelvisDiffDev=0.0012 (SJ) and [shhresh=0.86, Delta=0.52, pelvicAngle=17.9 (DJ).
The DTW results in Table 1 are based on pelvishieigr CMJ and SJ and on pelvis height and kneddie
angles for DJ. These parameters resulted in thedeésction rates and lowest mean time deviations.

Table 1. Results of both segmentation algorithntk false positives (fP) and negatives (fN) and miime
deviation (MTD) of start and end points.

Results Threshold based DTW
CMJ SJ DJ CMJ SJ DJ
# jumps 72 73 74 72 73 74
fP /N 0/0 0/0 0/0 14 /13 8/8 28 /42
MTD [ms] | 169 22 300 + 132 169 + 88 260+124 53295 | 411+78

4. DISCUSSION

The implemented threshold based algorithm is pnogifor obtaining robust and accurate segmentatsnlts
which are not only based on ground contact timdstmiwhole jumping phases. It gave better reshls the
DTW algorithm. As the jump time series exhibitedyoslow changes at the beginning and at the enthef
jumps, finding the exact time point of start andl ef the jump was challenging. Therefore, the mtae

deviations were high for both algorithms. Thesevilovarying parameters might also be the reasonterbad
performance of the DTW algorithm with respect tsdetections. A more refined search for start amdpaints
in DTW segmentation or a combination of both altjons might enhance the results.

In this study, the choice of biomechanical paransetespecially for DTW, contained subjective eletaer
further evaluation using an automatic parametezcsien could detect parameters that give bettemeatation
results.

As the subjects were not familiar with functionariping tests, they gave rise to variability in taa. In effect,
the algorithms were tested on heterogeneous datxefbre, the threshold based algorithm can berdedaas
being robust against variations in jump executiéithough the subject population was quite diverde
algorithms should still be tested on injured pasear subjects with a jump intensive sport backgcou

A drawback of the threshold based algorithm is theannot be applied to other movement formst &s based
on prior knowledge about the time curves of themgohanical parameters and threshold selection. B§W
theoretically not limited to the given jump formsithparameters still have to be selected antkeds to be
optimized if new jump forms are introduced.

The threshold based algorithm is not as computallipexpensive as the DTW algorithm. It can alsaibed in a
real time approach, even though time delays aredoted due to the backward search in the DJ sagtimm A
fast and robust segmentation could allow a direetiback to the subject or physician.



To summarize, two segmentation algorithms have keeafluated on jumping data. While the DTW approdich
not segment the data satisfactory, the threshadddapproach gave robust and accurate resultdl famgps. It
could be used as a new gold standard when testieg segmentation algorithms.
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