Evaluation of the Effects of Frame Time Variation onVR Task PerformanceBenjamin Watson, Victoria Spaulding, Neff Walker, and William RibarskyGraphics, Visualization, and Usability CenterGeorgia Institute of TechnologyAbstractWe present a first study of the effects of frametime variations, in both deviation around meanframe times and period of fluctuation, on taskperformance in a virtual environment (VE).Chosen are open and closed loop tasks that aretypical for current applications or likely to beprominent in future ones. The results show thatat frame times in the range deemed acceptable formany applications, fairly large deviations inamplitude over a fairly wide range of periods donot significantly affect task performance.However, at a frame time often considered aminimum for immersive VR, frame timevariations do produce significant effects onclosed loop task performance. The results willbe of use to designers of VEs and immersiveapplications, who often must control frame timevariations due to large fluctuations of complexity(graphical and otherwise) in the VE.1. Background and MotivationThere have been many studies on the effects offrame update rates in immersive virtualenvironments on task performance, the sense ofpresence, the propensity for motion sickness,and other factors. These studies choose targetframe rates that are held (or assumed to be)constant during the course of the experiments.It is also often assumed that frame rates shouldbe held constant to ensure the best performancein the virtual environment. Indeed, significanteffort has been expended recently to come upwith techniques that ensure constant or nearconstant frame rates [1,2,3] even as the amountof detail varies greatly from scene to scene.These studies establish a metric, usually in termsof polygonal count, that can be adjusted to speedup or slow down frame update rate. In additionadaptive detail management systems [1,2]provide a mechanism for adjusting the per objectpolygon count as the user moves through anenvironment encountering varying numbers ofobjects. The overall effect is to achieve a more orless constant number of total polygons in eachscene. However, if the adaptation is achievedentirely by feedback (the next frame metric beingadjusted based on the timing of the previousframe), there will tend to be an overshooting andoscillation in frame rate, especially when there isan abrupt change in detail (as when the user turnsa corner from an empty room to one filled withobjects). Funkhouser and Sequin [1] haveshown that a predictive method can overcomethis problem for architectural walkthroughs. Inprinciple their approach is general; however, ithas not been implemented for other cases.Certainly, there can easily be more complicatedsituations than the one they considered--forexample, ones with lots of rapidly movingobjects, or multiresolution terrain plusarchitectural elements, significant simulationslaunched as a result of user actions, and so on.For these cases, it is not clear how exactly to goabout setting up a completely predictive modeland how successfully the model will controlframe rate variations (especially sinceconstraining by minimizing time costs whilemaximizing scene benefits is an NP-completeproblem). Faced with these difficulties and achoice of methods (e.g., feedback versuspredictive), it would be good if an applicationdesigner had some idea of the likely effects thatframe rate variation, as a function of averageframe rate, has on her application tasks.There is very little experimental work so far thatwould help in making these design decisions.Further there should be additional work studyingthe very interesting question of the importance oflag variations. Lag, the time delay between auser action and its displayed result, is intimatelyconnected with frame rate. As Wloka haspointed out [4], there will be a synchronizationlag, on top of any other sources of lag, that willvary from zero to the whole frame time (e.g.,100 ms for a frame rate of 10 fps) depending onwhen in the frame cycle user input is collected.

Thus there will always be a variation in lag thatwill grow more pronounced as frame ratevariations grow.In this paper we present experimental results forgeneric grabbing and placement tasks in a VEwith head-mounted display. These tasks are ofthe type that are often required in VR applicationsand thus provide a significant starting point forfilling in the VE design space. Using a set ofvariations in both average frame rate anddeviation around the average, we measured bothaccuracy and time for performing these tasks.We do not separate the effects of lag and framerate in these experiments. The experimentalresults allow us to draw some conclusions aboutframe rates and their variations and suggestfurther studies.2. Experimental SetupParticipants. There were 10 participants in thestudy, a mixture of undergraduate and graduatestudents. These were both somewhatexperienced (graduate) and inexperienced(undergraduate) users of virtual reality and head-mounted displays. Although one or two of theinexperienced participants had lower performancescores than the others, there was no overall trendin performance ranking based on experience.Vision for all participants was normal orcorrected-to-normal (via contact lenses). Thesubject with the best cumulative ranking at theend of the experiment received fifty dollars.Undergraduate subjects also received coursecredit in an introductory course for theirparticipation.Apparatus. The virtual environment wasdisplayed with a Virtual Research VR4 head-mounted display, with a 36o vertical field ofview and a 48o horizontal field of view. The twoscreens in the display overlap fully and eachcontains 247 x 230 color triads with resolution of11.66 arcmin. Head position was tracked with aPolhemus Isotrack 3D tracker, with an effectivetracking radius of approximately 1.5 M. ACrimson Reality Engine generated the images.The subjects interacted with the environmentusing a plastic mouse, shaped like a pistol grip.During the experiment, they stood within a1˚M˚X 1 Mrailed platform. The platform was15 cm high and the railing was 1.12 M high.

after traveling across the arc. The phase of thesine was chosen randomly each time the targetappeared at the left end of the arc.

of trials correctly performed and the meannumber of attempts to grab the target.Procedure. Each person participated in twosessions. Each session consisted of one block oftwenty practice trials, followed by twelve blocksof experimental trials. One display condition waspresented in each experimental block. Threepractice trials were presented at the onset of eachdisplay condition. Accurate placement of thetarget within thirty seconds was defined as acorrect trial, and each subject had to completefive correct trials per block, for a total of 120correct trials per subject over both sessions.Incorrect trials were discarded and subjects wererequired to complete all trials within each displaycondition before ending the session. Thepresentation order of the blocks was variedrandomly between subjects and each order wasused once.Atrial consisted of the subject orienting on thebullseye location and pressing the trigger buttonon the joystick to begin. After a random delay(between 750 ms and 1750 ms) the targetappeared, and the bullseye disappeared. Thetarget moved at a fixed horizontal velocity of0.75 m/sec and followed the sinusoidal pathdescribed in Sec. 2. To grab the target, thesubject had to press the trigger button while theyellow cursor intersected the target. When thetarget had been successfully grabbed, it wouldshift to a location underneath the cursor. Thismade placement difficulty independent of grasplocation. To complete the trial, the subjectmoved the target to the right side of the visualfield and placed it on the pedestal. For theplacement to be correct, the target rectangle hadto be placed completely inside the placement boxas described in Sec. 2.5. ResultsThe data were analyzed by means of five three-way analyses of variance (mean frame rate byfluctuation amplitude by period of fluctuation).The analyses were performed on mean grab time,mean positioning time, mean total time, meannumber of grab attempts, and percent correcttrials. The means of times were based on correcttrials only. Bonferroni pair-wise comparisonsand simple main effects tests were used to followup any significant effects. In order to savespace, only effects that reached at least a marginallevel of significance (p < 0.10) will be reported.Results are shown for all twelve conditions inTables 1 and 2.The main significant effect in the experimentoccurred for the placement time (to put the targeton the pedestal) at mean frame time of 100 ms.Frame time fluctuation and the period offluctuation interacted significantly (p = 0.04) forthe placement time. When the fluctuationamplitude was less than 60 ms, placement timeswere similar for both the 5 frame and 20 frameperiods. However, at the 60 ms fluctuation, theperiod had a significant effect, resulting in verydissimilar placement times: 2.20 sec at 5 framesversus 3.04 sec. at 20 frames. At 20 frames, the 60 ms result was significantly larger thanthose at lower fluctuation amplitudes whereas the5 frame results were not significantly different.The percent of successful trials and the numberof grab attempts per trial were not significantlyaffected by changes in display variables for the100 ms frame time. However, the effect offluctuation period on grab times was marginallysignificant (p = 0.09) with average grab times(over all fluctuation amplitude deviations) being2.74 sec at 5 frames versus 3.64 sec at 20frames. In addition the period also showed amarginally significant effect (p = 0.08) on thetotal time, with average times over all fluctuationdeviations of 5.1 sec at 5 frames versus 6.27 secat 20 frames.The 50 ms frame time trials were run withfluctuation standard deviations of 10, 15, and 20ms at periods of 5 and 20 frames. There were nosignificant dependencies on these displayvariables for any of the dependent measures(grab time, placement time, total time, number ofgrab attempts, and percentage of trials correctlyperformed). However, changes in the period hada marginally significant effect (p = 0.098) on thenumber of grab attempts, while changes influctuation deviation marginally affected (p =0.07) the placement time.Although we cannot compare them in detailbecause of the different fluctuation standarddeviations used, it is interesting to note in generalterms the differences between results at 100 msand 50 ms frame times. The average placementtimes and grab times were 2.50 and 3.20 sec at100 ms versus 2.01 and 2.11 sec at 50 ms. The average number of grab attempts and percentageof correct trials were 1.75 and 0.89 at 100 msversus 1.36 and 0.93 at 50 ms. Clearly userperformance improves significantly in goingfrom 100 ms to 50 ms average frame time for alldependent measures. This result for the openand closed loop tasks in this experiment isconsistent with results on other tasks andapplications [4,6,7].6. DiscussionA main conclusion from this study is that at lowenough frame times (certainly by 50 ms or 20fps) symmetrical changes in fluctuation amplitude(at least up to 40% about the mean) and changesin fluctuation period have little or no effect onuser performance for the two types of taskspresented here. Further at frame times highenough (certainly by 100 ms or 10 fps), not onlyis general performance of tasks in terms of timeand accuracy degraded, but performance candepend on both fluctuation amplitude deviationand fluctuation period. Ageneral conclusion isthat if average frame rate is high enough, a VRapplication designer need not worry so muchabout retaining tight control over fluctuationsaround the mean. Further, when prediction ofperformance is necessary, it will require takinginto account details of the frame rate variationover time if the average frame time is highenough (or average frame rate low enough).We further see differences between the mostlyopen loop task (grabbing) and the closed looptask (placement) in the experiments. The closedloop task, with its requirement for refinedmovements based on feedback, is more affectedby frame time variations. This is perhaps to beexpected since the feedback movement will besubject to the usual overshoots and correctionsthat one gets using feedback under varyingconditions [1]. The more predictive open looptask tends to smooth out these variations, as longas they aren’t too extreme.Finally we see a significant effect due to theperiod of the frame time deviation at the longerframe time. Again this shows up mostly in theplacement time (and marginally in the grab time)with performance being worse for the longerperiod oscillation than for the shorter one.Presumably this effect is due to the slowerchanges in frame time amplitude. (For example,more consecutive frames are spent at longerframe times.) In future studies it may beworthwhile to extend to even longer periodoscillations, though, for the application designerand user, there is obviously a point ofdiminishing returns in extending to longerperiods.Table 1: Display conditions and results for a frame time of 100 ms. Mean lag in these conditions was 235 ms. Sincethe time distribution is a sine wave, the frame time range = 1.414 * (standard deviation); e.g., for a standard deviation of+/- 20 ms, the frame range is 72 - 128 ms. Lag varied in a similar fashion.ConditionsResultsPeriod FrameTime ChangeStd DevFrame TimeRng Of FrameTime (Rate)Avg NumGrabsPct TrialsCorrectAvg GrabTimeAvg PlaceTimeAvg TotalTime52072-128 (7.8-13.9)1.6297.42.642.385.0254043-157 (6.4-23)1.6189.72.712.505.2156015-185 (5.4-66)1.6688.72.852.215.06202072-128 (7.8-13.9)1.9784.23.882.416.29204043-157 (6.4-23)1.6488.22.982.455.43206015-185 (5.4-66)2.0185.34.053.047.09Table 2: Table 2. Display conditions and results for a frame time of 50 ms. Mean lag in these conditions was 285 ms.ConditionsResultsPeriod FrameTime ChangeStd DevFrame TimeRng Of FrameTime (Rate)Avg NumGrabsPct TrialsCorrectAvg GrabTimeAvg PlaceTimeAvg TotalTime51036-64 (15.6-27.9)1.3892.92.172.134.3051529-71 (14-34.7)1.5193.62.251.814.0652022-78 (12.8-46)1.4793.02.212.034.24201036-64 (15.6-27.9)1.3493.52.022.094.11201529-71 (14-34.7)1.3590.72.121.944.06202022-78 (12.8-46)1.3091.51.892.043.93

We have done other experiments [10], for thesame set of tasks, that shed light on the studyreported here. These experiments use a typicaltime series of frame time oscillations from a VRapplication. This time series is shifted and scaledto provide a set of different average frame ratesand frame rate (rather than frame time) deviationamplitudes; thus the deviations are not as wellcontrolled as in this study and the deviationperiods are not well characterized. However, theexperiments overlap the average frame rates usedhere. They show a similar trend in performancein going from lower to higher frame rates.Further, since deviations were more extreme andwent to lower frame rates, the experiments showgrab times can be affected at frame rates around10 fps. Also, at higher frame rates (around 17fps), the more extreme deviations (to lower framerates) cause a significant effect on placementperformance.7. Conclusions and Future WorkIn conclusion, this study provides a first carefulanalysis of the effects of frame time deviationamplitudes and periods on performance of typicalVR tasks. The results show that at frame times(50 ms or 20 fps) in the range deemed acceptablefor many applications, deviations up to 40% (ofthe average frame time) in amplitude and over arange of periods, do not affect task performance.This is important information for VR applicationdesigners. Precise, predictive algorithms areneeded to keep frame time variations less than10% for highly varied walkthrough environments[1], but feedback mechanisms [1,2], continuouslevel of detail methods with appropriately chosenparameters [3], or combination feedback/predictive methods may be adequate much of thetime if frame time consistency requirements arenot so strict. Certainly virtual applications aremoving towards significantly more complicatedand larger environments that may includecombinations of architectural elements, movingobjects, high resolution terrain, dynamicallyadded or removed objects, and simulated events.Managing these environments will be much morecomplicated than at present, and the tools maynot give results that are so precise andpredictable. In this situation, designers will wantto know the range of acceptability for frame timefluctuations.This study also provides new information todevelop general understanding of the relationshipbetween display variables and performance in aVE. Such information is always welcomebecause, compared say to window-basedinterfaces, VEs are significantly understudied viacontrolled experiments and significantly morecomplicated. In particular this study shows thatto correctly predict performance, one must takeinto account not only average frame time but alsothe distribution and period around that mean, atleast for certain ranges of frame times andfluctuations. With results such as these, one caneventually build up a design space from which toderive task-specific design principles.This work could be extended in several ways inthe future. One could look at other tasks in theenvironment such as navigation involving"walking" or "flying", reaction time tasks, searchtasks, and so on. Certainly the performancespace should be filled in with studies at otherframe times and fluctuation amplitudes. Thestudies begun in Ref. 10, looking at non-uniformvariations in frame time or frame rate, could alsobe continued for other types of fluctuationpatterns. Here it would be useful to come upwith a measure of the fluctuation distribution sothat one could classify the distributions in aquantitative way. Finally it would be useful tolook at the effects of lag separately. Theseexperiments vary lag as they vary frame time, butone could set up an environment with a fixeddelay due to rendering and display and then varythe lag time. Since several researchers [4,11,12]say that lag is the dominant component affectingperformance, a study of lag variations could bequite revealing.8. References1.T.A. Funkhouser and C.H. Sequin.Adaptive Display Algorithm for InteractiveFrame Rates during Visualization ofComplex Virtual Environments. ComputerGraphics (ACM SIGGRAPH Proceedings),pp. 247-254 (August 1993).2.L.E. Hitchner and M.W. McGreevy.Methods for User-Based Reduction ofModel Complexity for Virtual PlanetaryExploration. Proceedings of SPIE 1993,pp. 1-16, (February, 1993).3.Peter Lindstrom, David Koller, WilliamRibarsky, Larry Hodges, Nick Faust, and

Gregory Turner. Real-Time, ContinuousLevel of Detail Rendering of Height Fields.To be published, Computer Graphics(SIGGRAPH ’96.)4.Matthias Wloka. Lag in Multiprocessor VR.Tutorial: Virtual Reality for Visualization,IEEE Visualization ’94, pp. 130-152.5.D. Lampton, B. Knerr, S. Goldberg, J . Bliss, M. Moshell, and B. Blau. TheVirtual Environment PerformanceAssessment Battery (VEPAB). Presence,3(2), pp. 145-157 (1994).6.S. Bryson. Implementing Virtual Reality.SIGGRAPH 1993 Course #43 Notes,1.1.1-1.1.5; 16.1-16.12.7.M.D. McKenna and D. Zeltzer. Threedimensional visual display systems forvirtual environments. Presence, 1(4), pp.421-458 (1992).8.David Koller, Peter Lindstrom, WilliamRibarsky, Larry Hodges, Nick Faust, andGregory Turner. Virtual GIS: AReal-Time3D Geographic Information System.Proceedings Visualization ’95, pp. 94-100.9.J. Airey, J. Rohlf, and P. Frederick.Towards Image Realism with InteractiveUpdate Rates in Complex Virtual BuildingEnvironments. Symposium on Interactive3D Graphics, pp. 41-50 (1990).10.B. Watson, V. Spaulding, N. Walker, A.Worden, and W. Ribarsky. Effects ofFrame Rate in VR Systems. GVU Tech.Report GVU 96-20 (1996).11.I.S. MacKenzie and C. Ware. Lag as aDeterminant of Human Performance inInteractive Systems. Proc. INTERCHIConf. on Human Factors in ComputingSystems, pp. 488-493 (1993).12.Frederick Brooks, Jr. Grasping RealityThrough Illusion--Interactive GraphicsServing Science. Human Factors inComputing, SIGCHI Bulletin, pp. 1-11(1988).