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Abstract 

Purpose 

To assess whether dynamic rotation enhances the recognition of forensic facial depiction 

compared to traditional multi-view static (polyptych) presentation, and to examine how 

viewpoint availability and repeat exposure influence identification outcomes. 

 

Design/methodology/approach 

Two psychological experiments compared the recognition of facial depictions presented 

either as (i) multi-view static polyptychs—either (three-view) triptychs or (five-view) 

pentaptychs—or (ii) 16-second dynamic rotations (animated GIFs). Recognition was 

measured using correct and incorrect naming responses from participants and a 

combined naming-accuracy index. Generalised Linear Mixed Models were used to 

evaluate the effect of presentation format while accounting for variation across 

participants and stimuli. 

 

Findings 

Experiment 1 involved facial depictions presented as static triptych (three views: front 

view plus two side profiles) and dynamic-view rotation. Dynamic presentation did not 

significantly improve correct naming overall. However, when faces were viewed twice, 

dynamic presentation produced significantly higher correct naming and overall accuracy 

relative to static presentation. In Experiment 2, two three-quarter profiles were added to 

the static condition to give a static (five-view) pentaptych. These pentaptychs now slightly 

increased correct naming and significantly improved accuracy compared with dynamic 

rotation. Repeated exposure provided modest identification benefits but was also 

associated with some increase in mistaken names. Overall, static three-quarter 

viewpoints enhanced recognition, while dynamic motion was thought to mainly increase 

engagement and to provide recognition gains under repeated viewing when there is a 

limited number of fixed views available. 

 



Originality 

This study offers the first direct empirical comparison of static multi-view and dynamic 

rotational facial depictions in a forensic context, demonstrating distinct recognition 

outcomes and informing evidence-based display practice. 

 

Practical Implications  

For the presentation of forensic facial depiction to stimulate recognition, results 

suggest that increasing the number of viewpoints is more effective than motion for 

promoting accurate recognition, although dynamic presentation may be useful when 

repeating exposure of limited (front-and-side view) perspectives. 
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Introduction 

Forensic facial depiction from human remains sits at the intersection of face perception 

science, forensic art and medico-legal investigation. Its primary purpose is to elicit 

familiar face recognition of an unidentified decedent by those who knew the individual in 

life (Taylor, 2001; Wilkinson et al., 2024). The process involves analysing skeletal and soft 

tissue remains to construct a plausible, public-facing representation, with the success 

of the depiction ultimately measured not only by anatomical accuracy but by its ability to 

prompt recognition. 

Considerable progress has been made in improving the morphological accuracy 

of facial reconstruction. While facial reconstruction is the prediction of face morphology 

from skeletal and soft-tissue data, facial depiction refers to the visual presentation of that 

form with applied textural detail (Smith, 2020). Advances in the field include greater 

anatomical understanding (Taylor, 2001; Wilkinson, 2004, 2010), use of population-

specific tissue depth datasets (Lee et al., 2012; Stephan et al., 2014), increased training 

for practitioners (Won-Joon et al., 2016) and development of sophisticated digital 

modelling techniques (Miranda et al., 2018; Roughly & Wilkinson, 2019; Short et al., 

2014). More generally, predictive methods for key features such as the nose, mouth and 

eye fissures have become increasingly standardised (Ullrich & Stephan, 2011; Wilkinson 



et al., 2006, 2024), and morphometric studies demonstrate that reconstructed facial 

shapes can approximate the majority of the true surface within a tolerance of 

approximately 2 mm (Lee et al., 2012; Miranda et al., 2018; Wilkinson et al., 2006). 

Nevertheless, reliance on tissue depth data, whether from cadavers or living subjects, 

using radiographs, CBCT, CT, MRI or ultrasound carries limitations. These issues include 

post-mortem artefacts, restricted sample diversity, postural changes and the inherently 

static nature of the measurements (Claes et al., 2012; Stephan et al., 2014). Moreover, 

metrical accuracy does not automatically guarantee recognition, particularly if 

deviations affect identity-critical features (Lee et al., 2015; Smith and Wilkinson, 2024;  

Wilkinson, 2015). 

In contrast to these well-established efforts to improve morphological accuracy, 

the depiction presentation remains comparatively under-theorised and inconsistently 

practised. Practitioner decisions regarding viewpoint, finishing effects, lighting, 

colouration, contrast and textural inclusion directly influence whether a face is 

recognisable, yet choices such as these are often guided by tradition, client expectations 

or heuristic experience rather than empirical evidence (Davy-Jow, 2013; Smith, 2020). 

Despite being central to recognition potential, this stage has attracted little systematic 

research. 

The science of face perception provides relevant insights in this area of forensic 

investigation. Exposure to multiple viewpoints allows observers to access identity-

diagnostic shape information more effectively than a single, fixed view (Bruce, 1994; 

Burton et al., 2016). However, not all viewpoints contribute equally to recognition. 

Performance tends to be poorer for profile views than for more intermediate 

perspectives, such as three-quarter (¾) views, which provide a richer combination of 

structural and depth information (Hill et al., 1997; Liu & Chaudhuri, 2002). While the 

benefit of additional viewpoints may be relatively modest for familiar faces, it becomes 

more important when stimuli are less precise or contain error, as is often the case in 

forensic facial depictions (Burton et al., 2016; Jenkins & Burton, 2011). In such contexts, 

intermediate viewpoints may help support recognition by conveying more of the overall 

facial structure. Similarly, variation across lighting and image contexts help build robust 

mental representations of a face, enhancing recognition (Bruce et al., 1998; Hill & Bruce, 

1996; Johnston & Edmonds, 2009). Dynamic formats, such as animated facial rotations, 



may increase attention and engagement (Knight & Johnston, 1997; O’Toole et al., 2002), 

but evidence that they improve recognition accuracy beyond multi-view static arrays 

remains limited (Lander et al., 1999; Lander & Bruce, 2003). Further, the distinction 

between increased viewer engagement and improved recognition outcomes is, therefore, 

a critical but under-explored issue in forensic practice (Bailenson et al., 2002; Lander et 

al., 2001). The present study attempts to address this gap in the literature by directly 

comparing recognition performance across multi-view static arrays and dynamic 

presentation.  

 

Design 

Two mixed-factorial experiments were conducted, each with independent participant 

groups to assess the effect of presentation format of facial reconstructions (forensic 

depictions) on face recognition. Recruitment was coordinated through Liverpool John 

Moores University (LJMU) gatekeepers, with additional publicity via physical poster 

advertisements around campus and online circulation (Twitter/X) to ensure a broad 

demographic sample and to enhance generalisability. 

In Experiment 1, participants completed recognition of both static (three-view) 

triptychs (three side-by-side images: frontal, left profile, right profile) and dynamic 

rotation (16-second animated GIF). In Experiment 2, a different group of participants 

followed the same procedure, but static stimuli also included two potentially important 

three-quarter viewpoints to give a pentaptych (five side-by-side images: frontal, left and 

right profiles, and two three-quarter views). In both experiments, participants were 

presented with facial reconstructions of six identities for polyptychs (triptychs / 

pentaptychs), and six (different) identities as animations (see Stimuli). A within-subject 

AB-AB design was conducted that contrasted the effectiveness of static (A) and dynamic 

(B) presentation formats.  

Participants were asked to provide the correct name or a description that could 

identify the person (i.e., a unique semantic identifier). Each response was also 

accompanied by a confidence rating, a procedure that attempted to discourage 

participants from withholding names due to uncertainty about accuracy and provide an 

index of internal validity, to distinguish genuine recognition from guesswork. The block 

order of presentation was randomised (triptychs / pentaptych then animation, or the 



reverse) with equal sampling, with stimulus set randomised and counterbalanced across 

participants. Participants were given a different random order for the first presentation of 

these stimuli (with this random order maintained for the second presentation). 

With recognition performance for celebrity identities dependent on pre-existing 

exposure, a ground-truth familiarity check was used to ensure that participant responses 

to the presented reconstructed faces sufficiently reflected genuinely familiar faces. The 

approach follows standard forensic practice: the primary interest lies in recognition 

performance assessed by Generalised Linear Mixed Models (GLMM) that are conditional 

(as in real life) based on prior familiarity with the relevant identities (i.e., for faces that 

have been seen previously in daily life), and where excluding unfamiliar identities 

improves interpretability (e.g., Davidson et al, 2025; Erickson et al., 2022; Frowd et al., 

2025; Portch et al., 2025). Thus, as a final stage in the experimental process, participants 

viewed a reference photograph of each identity and were asked (using the same 

instruction as above for the reconstructions) to name them.  

Two planned adjustments were conducted based on these additional (ground-

truth) data. First, to allow good resolution of responses per person, each participant was 

required to correctly identify at least six (i.e., 50%) of the identities in this familiarity check 

for their data to be considered for analysis. As a result of this a priori rule, two additional 

participants were recruited to give the samples described in the follow section. Second, 

only responses to reconstructed stimuli (triptychs, pentaptychs and animated faces) 

with which participants were familiar (from the ground-truth familiarity check) were 

retained for inferential analyses.   

 

Participants 

The number of participants and stimulus items were based on considerable research 

involving recognition (naming) of error prone facial stimuli (e.g., Davidson et al., 2025; 

Erickson et al., 2022; Joyce & Frowd, 2025; Portch et al., 2025). This body of research 

demonstrates that a minimum of 10 stimulus items and 10 participants per condition are 

necessary to be able to detect a forensically-important medium effect [Exp(B) ≈ 2.5] with 

good power using the planned GLMM method of analysis, estimates that are supported 

by computer simulation (Davidson et al., 2025). We exceeded these minimal 

requirements in each experiment; the resulting design was indeed appropriate (e.g., see 



Exp(B) values Tables III, IV and X)—in fact, it was able to detect a small effect (e.g., see 

Table XII).  

In each experiment, we recruited 48 unique participants whose data was used for 

GLMM analysis. The mean age of participants in Experiment 1 was 31.3 years (range: 19–

64; 27 females, 21 males), and in Experiment 2 was 37.0 years (range: 20–70; 23 females, 

25 males). Participants received a £5 Amazon voucher for their participation. 

 

Stimuli 

Stimuli comprised 12 well-known famous faces, half of each apparent sex, all of White 

European population affinity, and estimated to be between 25 and 45 years of age at the 

time of casting. The stimulus set was generated through a four-stage process: (1) 3D 

scanning of plaster casts (‘life-masks’), (2) refinement of the digitised meshes, (3) staging 

head assets to produce high-fidelity 3D renderings and (4) creation of animated GIFs and 

static images for presentation. 

The life-masks were from a shared and purchased resource between LJMU Face 

Lab and the Centre of Anatomy and Human Identification (CAHID) at the University of 

Dundee. Scanning was carried out with an Artec Space Spider scanner, and the resulting 

meshes were processed in Artec Studio 15 Professional (v.15.1.2.60, 64-bit) on a 

dedicated workstation (Intel® Core™ i7-7700 CPU @ 3.60 GHz, 32 GB RAM, NVIDIA 

GeForce GTX 1060, Windows 10 Enterprise 64-bit). Assets were exported as .obj files and 

refined using 3DSystems Geomagic® Freeform® (v.2021.1.25) with a 3D Systems Touch 

Haptic Arm (HID GEO-THA-35499), alongside Pixologic ZBrush (v.2021.7.1), running on a 

high-spec workstation (Intel® Core™ i9-10900X CPU @ 3.70 GHz, 128 GB RAM, Windows 

10 Enterprise 64-bit). Final staging, rigging and rendering were conducted in Autodesk 

Maya (v.2023) with outputs composed into dynamic rotations in Adobe CC Premiere Pro 

(2021). 

Refinement of the meshes was required because the masks varied in 

completeness and condition, reflecting differences in casting practices, environments 

and methodologies. For example, some meshes extended only to the zygomatics 

(cheeks), while others captured the full face, hairline and ears. Although all were cast in 

a neutral expression, subtle variations were evident; for example, there were differences 

in mouth occlusion, and distortions from supination and skin pulling during plastering. 



Signs of wear such as chipped nasal tips and cracking were also present. This variability 

does represent a limitation, but it does not greatly detract from the study: rather, it mirrors 

the kinds of inevitable inclusion of error present when depicting the faces of unknown 

decedents for recognition purposes. 

These 12-item stimuli were divided into two equally sized sets. One set comprised 

half of the identities, randomly selected, for the polyptychs (triptychs or pentaptychs), 

with the remaining half used for the animations; the other set comprising the reverse 

identities (i.e., the identities used for animations were now used for triptychs / 

pentaptychs, and vice versa). Participants were presented with one of these two sets, 

randomly assigned, with equal sampling for each experiment. 

 

Procedure 

Participants were tested individually, and the task was self-paced. Each trial began with 

the presentation of a face stimulus, which remained onscreen until the participant 

responded. Participants were asked to identify the individual depicted, either by giving 

the correct name or a description that could be used to identify the person. Participants 

were asked to give a name if one came to mind, thereby limiting effects that might 

otherwise be caused by individual differences in response criterion. Participants were 

also asked for a confidence rating for each name given (1 = “extremely unconfident” to 7 

= “extremely confident”). Participant responses were recorded by the researcher. 

All 12 identities were presented over both conditions (six identities for triptychs / 

pentaptychs and the other six for animations), with participants randomly assigned with 

equal sampling to one of two stimuli sets, with block order of presentation (triptychs / 

pentaptychs shown first or second) randomised and counterbalanced across 

participants. Presentation of static reconstructions varied by experiment, with triptychs 

used in Experiment 1 and pentaptychs in Experiment 2. Each participant received a 

different random order of identities for the first presentation, with this order maintained 

for the second presentation. The task was completed in approximately 15 minutes, 

including debriefing as to the aims of the experiment. 

 

 

 



Data Coding and Scoring 

Responses were categorised into three mutually exclusive outcomes. A Correct Name 

Rate (CNR) was modelled for responses that were either the correct identity or a unique 

semantic description (e.g., by saying “Harry Potter” to the stimuli for Daniel Radcliffe). An 

Incorrect Name Rate (ICNR) captured cases where an incorrect name (i.e., a wrong 

identity) was given. A No Name Rate (NNR) represented cases where participants 

reported that no name came to mind. 

 Correct and incorrect naming responses were coded separately, as these 

outcomes represent qualitatively different types of error, each with consequences in 

forensic settings. For the former, a value of 1 was assigned for a correct response, and for 

the latter this value was given for an incorrect (mistaken) response (i.e., the name or 

description for another person). To provide an integrated measure of performance, an 

accuracy index was also calculated. This index was coded as +1 for an accurate (correct) 

name and –1 for inaccurate (mistaken) name, and was defined as the number of correct 

minus mistaken names relative to total (correct and mistaken) names. This metric allows 

differentiation between genuine recognition and systematic misidentification. 

 

Statistical Analysis 

Analyses were conducted using IBM SPSS Statistics for Windows (Version 29.0.2.0) using 

Generalized Linear Mixed Effects Models (GLMM). This regression-based approach is 

ideally suited to analysing individual data responses and provides a unified model that 

incorporates both fixed and random effects (Bolker et al., 2009)—see Davidson et al. 

(2025) and Erickson et al. (2022) for examples. The random effects were specified using 

a maximal structure, meaning that the model initially included all sources of random 

variation justified by the design (Barr et al., 2013). The random effects included random 

intercepts, to account for individual differences between participants and items, and 

random slopes, to account for the variation associated with the repeated presentation of 

items. 

 As mentioned above, three dependent variables were modelled: (i) correct 

naming, (ii) incorrect naming and (iii) naming accuracy. Correct and incorrect naming 

were analysed using binomial logistic regression, while accuracy was modelled using a 

multinomial structure.  



Model convergence criteria were set to SPSS defaults (absolute difference of 1 × 

10⁻⁸, 100 maximum iterations). Both model-based and robust estimation were tested; as 

they produced identical results, the model-based approach was used as this method is 

relatively more common among statistical packages, facilitating replication of results 

(Erikson et al., 2022). For selection of independent variables (IVs), up to three 

confirmatory candidate models were compared in the following order: (i) full factorial, 

containing individual predictors and their interaction, (ii) a model that included all main 

effects and (iii) a single predictor model. IVs and interaction terms were retained in the 

model where their p-value were equal to or less than the standard default for maintaining 

variables in a regression model (α < .10; Field, 2024). 

Effect sizes were reported as exponentiated Beta (B) regression coefficients 

[Exp(B)]. These effects were interpreted using sensible, approximate thresholds defined 

as small (1.5), medium (2.5) and large (4.5) effects (e.g., Davidson et al., 2025; Portch et 

al., 2025; Sporer & Martschuk, 2014). Also, to facilitate ease of comparison, effect sizes 

were presented with values greater than unity (Osbourne, 2017): negative values of B 

were made positive (hence the absolute value of B, |B|, was taken in these cases) and the 

associated confidence intervals were adjusted accordingly. 

 

Results 

The results are reported separately for each experiment, with descriptive statistics 

presented first, followed by inferential analyses of correct naming (CNR), incorrect 

naming (ICNR) and accuracy. 

 

Experiment 1 

Experiment 1 examined whether recognition performance differed between dynamic 

presentations (animated 16-second rotations) and static triptychs (frontal, left and right 

profiles), across two exposures. Figure 1 provides an example stimulus, and Table I 

reports descriptive means for correct, incorrect and accuracy naming by presentation 

modes and exposure orders. 

 

 
 



 
 
 
 
 
 
 
 
 
 
 
        Table I - Experiment 1 Correct, Incorrect and Accuracy Naming Means. 

Naming Type Order Mode Mean 

  Static Dynamic  
  Correct First  

53.8 
(135 / 251) 

 55.7 b 
(141 / 253) 

54.8 a 
(276 / 504) 

 Second 
 55.0 c 

(138 / 251) 
   71.1 b, c 

(180 / 253) 
63.1 a 

(318 / 504) 

  Mean 
54.4 

(273 / 502) 
63.4 

(321 / 506) 
58.9 

(594 / 1008) 
     

 Incorrect First  
34.5 

(40 / 116) 
39.3 

(44 / 112) 
36.8 d 

(84 / 228) 

 Second  
47.8 

(54 / 113) 
43.8 

(32 / 73) 
46.2 d 

(86 / 186) 

  Mean 
36.8 

(84 / 228) 
41.1 

(76 / 185) 
41.1 

(170 / 414) 

 First  
37.9 

(95 / 251) 
38.3 

(97/ 253) 
38.1 

(192 / 504) 

 Accuracy Second  
33.5 e 

(84 / 251) 
58.5 e 

(148 / 253) 
46.0 

(232 / 504) 

 Mean 
35.7 

(179 / 502) 
48.4 

(245 / 506) 
42.1 

(424 / 1008) 
 
Note. For Correct Naming, figures are percentage correct; numbers in parentheses are total number of correct responses against total number of responses. For 
Incorrect Naming, figures are percentage incorrect; numbers in parentheses are total number of incorrect responses divided by total number of mistaken and 
no-naming responses. For Accuracy, figures are percentage; numbers in parentheses are number of correct minus mistaken responses divided by total number 
of responses.  a p = .006, b p < .001, c p < .001, d p = .018, ep <.001. 

 

The results suggest that correct naming improves somewhat from static to dynamic 

modalities (MD = 9.0%), and that there is some benefit (MD = 8.3%) for a repeated 

presentation. Incorrect naming also increased slightly for dynamic than static modalities (MD 

= 4.3%), and there was again a similar-size increase (MD = 9.4%) for a repeated presentation. 

In terms of accuracy (correct naming - incorrect naming), all means were positive, meaning 

that correct responses were overall more pervasive. The degree of accuracy was somewhat 

 

1 2 

Figure 1- Example stimulus. Angelina Jolie in display condition 1, static presentation of frontal view, 
two profile views (left) and display condition 2, screenshot of the dynamic gif presentation (right). 
The full animated stimulus is available in Supplementary Material 1. 



greater (MD = 12.7%) for dynamic than static modality, indicating an overall benefit for the 

former. There was again an overall positive benefit (MD = 7.9%) by repeating the presentation. 

 

Correct Naming 

A full factorial GLMM for correct naming was conducted between mode (coding as 1 = 

display condition 1, 2 = display condition 2 and presentation (coded as 1 = first presentation, 

2 = second presentation). The interaction between mode and presentation [F(1, 1004) = 

7.50, p = .006, Exp(|B|) = 2.74] was less than the planned value for alpha (.05) and so this 

term was retained, producing the final model (Table II). 

 

Table II - Experiment 1 Correct Naming Final Model. 

 

 

 

 

 

 

 

A simple main effects analyses for the interaction (Table III) revealed that, although 

dynamic and static modes did not differ for the first presentation, there was benefit for 

dynamic over static for the second presentation. Also, while there was no difference between 

first and second presentation in the static condition, there was improvement in the dynamic 

condition. These results indicate that repetition improved naming performance in the 

dynamic condition but not in the static condition.  

 

 

 

 

 

 

 

 

Fixed Effects F DF1 DF2 p 

Presentation 7.52 1 1004 .006 

Mode 11.39 1 1004 < .001 

Presentation × Mode 7.50 1 1004 .006 



Table III -  Experiment 1 Correct Naming Coefficients for Presentation × Mode 

 
Note. Overall Correct Classification: 76.9%. The model was specified with the lowest category of categorical predictors as reference (Static, First), and predictors 
and target were sorted in a descending order. (For the final model:) Information criteria are based on the -2 log likelihood (AICC = 4732.13, BIC = 4741.94); 
random effects were random intercepts for participants [σ = 0.73, SE(σ) = 0.22] and items [σ = 1.48, SE(σ) = 0.68], and random slopes for Presentation for items 
[σ = 0.05, SE(σ) = 0.08]. The intercept was [B = 0.13, SE(B) = 0.41]. 
 

Incorrect Naming 

A full factorial GLMM for incorrect naming revealed that the interaction between mode and 

presentation was greater than alpha (p = .368, Exp(|B|) = 2.04) and was removed. In the 

resulting model, mode was also greater than alpha (p = .562, Exp(|B|) = 1.36) and was 

removed as well. In the final model, presentation was retained (Table IV). 

 

Table IV - Experiment 1 Incorrect Naming Final Model. 

 
 
 

 

 

 

Table V - Experiment 1 Coefficients for Presentation for Incorrect Naming. 

 

Fixed Effects 
 

B  SE(B)  t(412)  p  Exp(B)  95% CI(-/+)  

             
Second - First  0.51  0.22  2.37  .018  1.67  1.09 – 2.55 

       
 
Note. Overall Correct Classification: 73.4%. The model was specified with the lowest category of categorical predictors as reference (First), and predictors and 
target were sorted in a descending order. Information criteria are based on the -2 log likelihood (AICC = 1826.50, BIC = 1834.52); random intercepts for 
participants [σ = 0.82, SE(σ) = 0.32] and items [σ = 0.13, SE(σ) = 0.12]. Intercept [B = -0.57, SE(B) = 0.23]. 

 

 

Fixed Effects  B SE(B) p Exp(B) 95% CI (– / +) 

Dynamic vs Static (First 

presentation) 
0.10 0.21 .63 1.11 0.73 – 1.67 

Dynamic vs Static (Second 

presentation) 
0.93 0.25 < .001 2.53 1.45 – 4.07 

Second vs First (Static mode) 0.08 0.23 .73 1.08 0.69 – 1.70 

Second vs First (Dynamic mode) 0.91 0.26 < .001 2.48 1.43 – 4.02 

Fixed Effects F DF1 DF2 p 

Presentation 5.64 1 412 .018 



This analysis (Table V) shows that incorrect names occurred more often for the second 

compared to the first presentation of the face stimuli. Also, as mode was not retained in the 

model, modality of presentation (static or dynamic) had no impact on ICNR.  

 

Naming Accuracy 

A full factorial GLMM for naming accuracy was conducted with mode (coded as 1 = display 

condition 1, 2 = display condition 2) and presentation (coded as 1 = first presentation, 2 = 

second presentation) entered as fixed factors. The interaction between mode and 

presentation was less than alpha (F(1, 1003) = 9.13, p = .003, Exp(B) = 2.06), and was therefore 

retained. The overall results of this (final) model are shown in Table VI. 

 

Table VI - Experiment 1 Naming Accuracy  Final Model 
 

Fixed Effects F DF1 DF2 p 

Mode 10.05 1 1003 .002 

Presentation 4.55 1 1003 .033 

Presentation × Mode 9.13 1 1003 .003 

 

 
 
Table VII - Naming Accuracy – Coefficients for Comparisons for Presentation × Mode  

 
Note. Pairwise comparisons for the Presentation × Mode interaction in the Naming Accuracy GLMM (Experiment 1). Significant effects show that accuracy 
improved across presentations in the dynamic condition but not in the static condition. Overall Correct Classification: 65.2%. The model was specified with the 
lowest category of categorical predictors as reference (First, Dynamic), and predictors and target were sorted in a descending order. Information criteria are 
based on the -2 log likelihood (AICC = 7832.67, BIC = 7842.48); random intercepts for participants [σ = 0.38, SE(σ) = 0.13] and items [σ = 1.06, SE(σ) = 0.49], and 
random slopes for Presentation for items [σ = 0.01, SE(σ) = 0.05]. Intercept [B = -1.81, SE(B) = 0.38]. 
 

 

Fixed Effects B SE(B) p Exp(B) 95% CI (– / +) 

Dynamic vs Static (First presentation) 0.23 0.19 .90 1.02 0.71 – 1.47 

Dynamic vs Static (Second presentation) 0.95 0.21 < .001 2.59 1.69 – 3.97 

Second vs First (Static mode) 0.18 0.20 .60 1.20 0.75 – 1.61 

Second vs First (Dynamic mode) 0.90 0.22 < .001 2.46 1.50 – 4.02 



A simple-main effects analysis reveals the same pattern of significant and non-significant 

differences as for correct naming: only the second (cf. first) presentation led to a benefit for 

dynamic over static mode, and that there was a benefit for dynamic (cf. static) for second 

presentations. 

 

Experiment 2 

Experiment 2 added two three-quarter views to the triptych, resulting in five viewpoints 

(frontal, left/right profiles, and left/right three-quarter views). This static condition was again 

contrasted with the dynamic presentation (16-second rotation). Figure 2 provides an 
example stimulus and Table VIII summarises the descriptive means for correct, incorrect, and 

accuracy naming across presentation modes and exposure orders. 

 

 

 

 

 

 

 

  

1 2 

Figure 2 - Example stimulus. Angelina Jolie in display condition 1, static presentation of frontal view, two profile 
and two ¾ views (left) and display condition 2, screen shot of the dynamic gif presentation (right). 



Table VIII – Experiment 2 Correct, Incorrect and Accuracy of Naming Means. 

 
Note. See Table I, Note for definition of figures. a p = .044, b p = .052, c p = .013. 

 

 

In contrast to Experiment 1, the pattern of results was clearly different, particularly for 

the static condition. Here, correct naming showed a slight overall decline from static to 

dynamic modalities (MD = 8.7%), although a small positive benefit remained (MD = 4.4%) for 

a repeated presentation. Incorrect naming slightly increased from static to dynamic (MD = 

2.2%), but there was almost no difference (MD = 0.7%) for a repeated presentation. In terms 

of accuracy (correct naming - incorrect naming), all means were  positive. However, degree of 

accuracy was now somewhat greater for static than dynamic (MD = 12.2%), indicating that 

more correct names in general were produced in the static condition. There was a small overall 

positive difference (MD = 3.7%) by repeating presentation. 

 

Correct Naming 

A full factorial GLMM for correct naming was run between mode (coded as 1 = display 

condition 1, 2 = display condition 2) and presentation (coded as 1 = first presentation, 2 = 

second presentation).  

Naming Type Order Mode Mean 

 
Correct  Static Dynamic  

           

First  
51.1 

(114 / 223) 
41.1 

(85 / 207) 
46.3a 

(199 / 430) 

Second  
54.3 

(121 / 223) 
46.9 

(97 / 27) 
50.7a 

(218 / 430) 

Mean 
52.7b 

(235 / 446) 
44.0b 

(182 / 414) 
48.5 

(417 / 860) 

Incorrect 
First 

11.2 
(25 / 223) 

13.5 
(28 / 207) 

12.3 
(53 / 430) 

Second 
10.8 

(24 / 223) 
15.5 

(32 / 207) 
13.0 

(56 / 430) 

Mean 
12.3 

(53 / 430) 
14.5 

(60 / 414) 
12.7 

(109 / 860) 

 
Accuracy 

First 
39.9 

(89 / 223) 
27.5 

(57 / 207) 
34.0 

(146 / 430) 

 Second 
43.5 

(97 / 223) 
31.4 

(65 / 207) 
37.7 

(162 / 430) 

 Mean 
41.7c 

(186 / 446) 
29.5c 

(122 / 414) 
35.8 

(308 / 860) 



The interaction between mode and presentation (p = .672) was greater than alpha and 

so was removed. The model was re-run with the main effects only. In this model, presentation 

was not significant (p = .165) and was removed. The final model retained mode, producing the 

final model (Tables IX and X). The effect of mode was significant, reflecting a small, between-

subjects difference in correct naming between the two display conditions, with static 

presentation producing higher correct naming than dynamic presentation. 

 

Table IX - Experiment 2 Correct Naming Final Model. 

Fixed Effects F DF1 DF2 p 

Mode 3.80 1 857 .018 

 

 
 
Table X - Experiment 2 Coefficients for Mode for Correct Naming. 

Fixed Effects B SE(B) t(857) p Exp(|B|) 95% CI(-/+) 

      
       

Static - Dynamic -0.35 0.18 -1.95 .05 1.41 1.06 – 1.88 

       

 
Note. Overall Correct Classification: 64.0%. The model was specified with the lowest category of categorical predictors as reference (Dynamic, Second), and 
predictors and target were sorted in a descending order. Information criteria are based on the -2 log likelihood (AICC = 3763.01, BIC = 3767.76); random intercepts 
for items [σ = 0.56, SE(σ) = 0.27]. Intercept [B = -0.05, SE(B) = 0.27]. 

 

 

Incorrect Naming 

A full factorial GLMM for incorrect naming revealed that the interaction between mode and 

presentation was greater than alpha (p = .673, Exp(|B|) = 1.23) and so was removed. In the 

resulting model, mode was also greater than alpha (p = .180, Exp(|B|) = 1.38), as was 

presentation (p = .789, Exp(|B|) = 1.07), and so neither static nor dynamic display conditions 

influenced incorrect naming. 

 

Naming Accuracy 

A full factorial GLMM for naming accuracy showed that the interaction between mode and 

presentation was greater than alpha (p = .929, Exp(|B|) = 1.02), and so was removed. In the 

resulting model, presentation was also removed (p = .392, Exp(|B|) = 1.12), producing the 

final model (Tables XI and XII). 



Table XI - Experiment 2 Naming Accuracy Final Model. 

Fixed Effects F DF1 DF2 p 

Mode 6.18 1 857 .013 

 
 
 
Table XII - Experiment 2 Coefficients for Mode for Naming Accuracy. 

Fixed Effects B SE(B) t(857) p Exp(|B|) 95% CI (-/+) 

 
 
Dynamic - Static 

 
-0.33 

 
0.13 

 
2.49 

 
.013 

 
1.40 

 
1.07 – 1.81 

 

        
 
Note. Overall Correct Classification: 60.1%. The model was specified with the lowest category of categorical predictors as reference (Static), and predictors and 
target were sorted in a descending order. Information criteria are based on the -2 log likelihood (AICC = 6560.80, BIC = 6565.55); random intercepts for items [σ 
= 0.30, SE(σ) = 0.15]. Intercept [B = 0.90, SE(B) = 0.19]. 

 

This analysis reveals that the static (cf. dynamic) modality of presentation used in this 

experiment improved accuracy of naming with a small effect size. 

 

Results Summary 

Across both experiments, presentation format played a critical role in recognition 

performance, while effects of repetition depended on the experimental context. Dynamic 

rotation did not outperform the static triptych on first exposure, but when faces were 

encountered for a second time, dynamic presentation yielded a recognition advantage. 

However, this benefit was accompanied by an increased risk of misidentification, 

highlighting potential limitations for applied use. 

Conversely, when the static condition provided richer (more varied) visual 

information (five viewpoints that included two three-quarter views of the face), this multi-

view presentation outperformed dynamic rotation on overall accuracy and showed a 

marginal advantage in correct naming. Importantly, this enhanced performance did not 

increase the likelihood of misidentification (unlike Experiment 1). Taken together, the 

results suggest that while dynamic presentation can support recognition for repeated 

exposure, static multi-view presentations offer a more robust and reliable advantage 

under conditions of higher visual information. These complementary patterns 

underscore the importance of considering both stimulus richness and the opportunity 

for repeated viewing when evaluating face recognition performance. 

 



Discussion 

The findings highlight the nuanced relationship between the format of facial depiction 

and recognition. When faces were presented in three static views, dynamic presentation 

did not improve recognition on first exposure but conferred an advantage after repeated 

presentation. This suggests that motion enhances consolidation of identity rather than 

initial recognition. By contrast, when the static condition offered five distinct views, static 

images outperformed dynamic display on both overall accuracy and (marginally) on 

correct naming, without increasing the likelihood of misidentification. This advantage 

likely reflects the inclusion of intermediate (¾) viewpoints, which provide a richer 

combination of structural and depth information (e.g., to improve perception of the nose 

and brow ridge areas) than profile views alone, allowing observers to better integrate 

identity-diagnostic features across perspectives. This is particularly important for 

unfamiliar or error-prone stimuli, where additional structural information may help 

compensate for missing or ambiguous cues. Multiple static perspectives can therefore 

rival or exceed the informational richness of a continuous rotation. 

This pattern aligns with theories of face recognition that emphasise the integration 

of structural information across different perspectives (Bruce & Young, 1986; O’Toole et 

al., 2002). Motion appears to provide an opportunity for deeper engagement, yet this does 

not always translate into improved recognition accuracy when sufficiently rich static 

information is available. A key implication is that dynamic display enhances engagement 

rather than recognition itself. Motion captures and sustains attention, encouraging 

viewers to invest more effort in processing a face or in offering a potential identity. 

However, recognisability ultimately depends on the quality of the cues and how 

effectively they align with stored memory representations. This distinction is increasingly 

relevant in the digital age where richly textured, animated faces are the norm and viewers 

are motivated to engage with them. The findings therefore raise an applied question: can 

the heightened engagement elicited by dynamic displays be harnessed to improve 

recognition when uncertainty is unavoidable? 

Forensic facial depictions are not portraits, but rather approximations of decedent 

appearance, and with this, they inevitably contain error. Dynamic or interactive formats 

may encourage sustained engagement with a face, potentially increasing the likelihood 

of successful identification despite missing or erroneous data. Current investigative 



systems and display platforms are built primarily around static images. Integrating 

dynamic or interactive formats would require not only technical adaptation, but also 

procedural, legal and ethical considerations. Enhancing engagement may create 

optimum conditions for recognition, but the ethics of representing faces in such vivid and 

extended ways must also be acknowledged. Issues of consent, preserving the dignity of 

the decedent, appropriateness, sensitivity to families and the risk of overstating the 

certainty of a depiction all weigh on the use of dynamic techniques. 

At present, practitioners typically manage uncertainty in facial depictions by 

obscuring unknown details, for example through blurring, cropping or shading absent 

regions. This is most often applied to external features such as the hairline, hairstyle or 

ears, aspects of reconstruction that cannot be predicted with precision from skeletal 

remains. From a face perception perspective, this practice interacts with established 

findings that recognition for familiar faces is more tolerant and guided by internal features 

(eyes, nose, mouth), whereas recognition of unfamiliar faces relies more heavily on 

external features (Clutterbuck & Johnston, 2002; Ellis et al., 1979). Cropping or blurring 

therefore reduces the risk of presenting inaccurate information, but the cost may be 

perceptual completeness and interference to recognition. Raymond (2022), for instance, 

demonstrated that occluding facial regions impairs recognition performance. However, 

techniques such as these have been found to be valuable to recognition by concealing 

information that is inaccurate in the face (e.g., Frowd, 2021; Frowd et al., 2014). 

Part of the challenge for depiction of facial reconstructions arises because faces 

are inherently variable. A face changes across the lifespan in response to BMI, ageing, 

environmental influences such as light exposure, trauma, or cultural practices like body 

modification (Coleman & Grover, 2006; Meinhardt-Injac & Hildebrandt, 2016). Factors 

such as these alter facial texture in ways that do not seem to be recoverable from skeletal 

remains, yet such textural cues are important for recognition (e.g., Johnston & Edmonds, 

2009; Liu et al., 2005; Troje & Bülthoff, 1995). Establishing how much of this texture 

should be added to a reconstruction is therefore central to maximising recognition. 

This challenge is directly relevant to Valentine’s (1991) multidimensional face 

space (MDFS) framework, in which each identity is represented as a cluster of exemplars 

in a multidimensional perceptual space, defined by attributes such as feature 

proportions, lighting or viewpoint. More distinctive faces are located further from the 



central “average” face and are therefore easier to recognise (Valentine, 1991, 2001)1. 

Familiarity strengthens recognition because repeated and varied exposures enrich the 

subspace for that identity, enabling observers to match novel appearances against a 

more flexible and distributed representation (Blank & Yovel, 2011; Hole & Bourne, 2010). 

Forensic depictions, by contrast, often obscure precisely those variable external or 

textural cues that would help broaden such subspaces, reducing the likelihood of a 

successful match. 

The development of more advanced dynamic tools raises the possibility of an 

alternative approach, and rather than concealing uncertainty, depictions could 

incorporate variance to represent it. A depiction might, for example, present alternative 

plausible textures, hairstyles or surface details in a morphing-type rotation, enabling 

viewers to engage with the variability inherent in the depiction. This strategy of presenting 

variance, rather than obscuring unknown information, may also make depictions more 

inclusive across cultural contexts where reliance on different facial features varies (Latif 

& Moulson, 2022; Megreya & Bindemann, 2009; Suhkre et al., 2015). It may further help 

to mitigate the influence of practitioner bias during construction (Lee & Wilkinson, 2016). 

By adopting such a strategy, depictions could acknowledge uncertainty more 

transparently and offer a more constructive way of communicating their limitations. 

This shift has the potential to make depictions more engaging while 

simultaneously clarifying the limits of their precision. Crucially, depictions are not 

intended to function as definitive portraits of identity but as prompts to recognition, and 

their provisional role must be explicitly communicated. Communicating this effectively 

is a challenge that extends beyond the laboratory or studio to investigative partners and 

the public. The persistent expectation, amplified by the “CSI effect,” that science delivers 

certainty and precision stands in sharp contrast to the realities of forensic practice, 

where error and uncertainty are inevitable (Kaplan et al., 2020; Schweitzer & Saks, 2007; 

Shelton, Kim & Barak, 2006). Moving beyond the reliance on a single static image offers 

one way to address this gap. Dynamic or variable presentations can make the limits of a 

forensic facial depiction more apparent, supporting clearer communication of 

 
1 A similar account can be made for a contrasting, exemplar-based model that does not assume the 
presence of a central prototype (e.g., Lewis, 2004). 



uncertainty to both investigative partners and the public. Far from undermining forensic 

science, explicitly acknowledging these limits strengthens investigative practice by 

situating depictions realistically as aids to recognition rather than proof of identity. 

Dynamic formats may contribute here, as motion or morphing variation can enrich how 

observers locate a depiction within their multidimensional face space (e.g., Valentine, 

1991), increasing flexibility in recognition while also foregrounding its provisional nature. 

However, broadening representational space also increases the risk of false positives, 

which may dilute investigative resources in contexts that are already tightly 

constrained—however, it should be noted that false positives provide value by usefully 

allowing persons-of-interest to be discounted (e.g., Davidson et al., 2025). This dual 

effect, offering both potential gains and new risks, marks a central challenge for forensic 

practice. It is important to note, however, that the shape information in the present 

stimuli constitutes ground truth; a craniofacial reconstruction will inevitably contain 

morphological inaccuracies, and it remains an open question whether further views of a 

face that is not totally accurate would yield equivalent results. Nonetheless, advances in 

dynamic presentation offer a route toward addressing such limitations. 

 One promising direction within this agenda is the incorporation of naturalistic 

motion and viewer agency (e.g., Lander et al., 1999). Dynamic features such as subtle 

expressions, controlled movements, or smooth rotations, now increasingly feasible with 

advanced rendering tools like Epic Games’ MetaHuman Creator, could provide richer 

perceptual information. Interactive functions, such as toggling between motions, 

adjusting rotation speed, or manually exploring a face in 3D space, may encourage 

deeper engagement and help viewers focus on structural cues in which we can place 

greater confidence, rather than surface details that are more prone to error. In this way, 

interactive dynamic presentation offers a practical extension of the current findings: 

broadening the perceptual ‘space’ in which recognition can occur, while foregrounding 

the need for empirical testing to ensure that such innovations enhance, rather than 

dilute, investigative effectiveness. Substantial advances in reconstruction have 

produced increasingly precise models, capable of approximating true morphology within 

millimetre tolerances (e.g., Wilkinson et al., 2006). Yet, recognition cannot be secured by 

anatomical accuracy alone. The way a face is depicted, whether static or dynamic, 

occluded or variable, plays an equally critical role in whether it will be recognised. To 



move forward, the discipline must not only continue refining reconstruction methods but 

also systematically evaluate how presentation formats can balance recognition benefits 

against the risks of error. 

A potential limitation of the present design is that familiarity was established 

retrospectively using a post-task ground-truth check. Although this procedure is 

standard in naming-based studies using celebrity identities, it cannot perfectly separate 

identities that were already known from identities that may have become easier to 

identify following exposure during the experiment. However, any such learning would 

have been distributed across conditions due to randomisation, and would likely reduce 

overall naming performance rather than inflate differences between presentation 

formats. For this reason, the check was treated as a conservative inclusion filter rather 

than as a graded measure of baseline familiarity. Future work could strengthen this 

aspect further by collecting a brief pre-task familiarity screen or by obtaining 

independent familiarity ratings prior to exposure, while balancing this against the risk that 

pre-screening itself can prime naming performance. Alternatively, participants can be 

recruited from a defined population where familiarity with the stimulus identities is 

established a priori, for example by using locally familiar targets such as lecturers on a 

programme and their students, where exposure history is predictable and can be verified 

directly. 

 

Conclusion 

This study demonstrates that recognition from forensic facial depictions depends 

critically on both the quantity of structural information provided and the format in which 

that information is displayed. Dynamic presentation did not improve recognition on first 

exposure when compared to three static views, but it did confer an advantage after 

repeated presentation, suggesting that motion supports engagement and consolidation 

rather than immediate recognition. By contrast, when static formats offered richer 

information through five distinct views, they outperformed dynamic displays in both 

overall accuracy and correct naming, without increasing misidentification. Together, 

these findings highlight two central insights: providing more than one view of a face (esp. 

those that include three-quarter views) enhances recognition potential, and dynamic 

presentation serves primarily to heighten engagement. 



Theoretically, this distinction clarifies the role of motion in face perception. 

Motion appears to capture and sustain attention, encouraging greater cognitive 

investment in processing a face, yet recognisability ultimately depends on the 

informational richness of the depiction and how well its cues align with stored memory 

representations. Multiple static perspectives can therefore rival or exceed the benefits of 

motion when they deliver sufficiently comprehensive structural detail. 

Practically, the findings suggest that standardising multi-view static 

dissemination remains the most reliable approach under current conditions. At the same 

time, dynamic or interactive formats may hold particular value when depictions are 

unavoidably incomplete or uncertain. While this study did not directly examine viewer 

agency, the engagement benefits observed for dynamic presentation suggest that giving 

observers greater control over how a face is explored, for example, rotating it manually or 

toggling between plausible variants, could prove a useful direction for future research. 

Such approaches would build on the attentional advantages identified here and may 

ultimately enrich recognition opportunities. 

Finally, it is important to acknowledge the ethical and practical challenges of 

depicting faces in increasingly vivid and technologically advanced ways. Questions of 

consent, dignity, sensitivity to families and the risk of overstating certainty weigh heavily 

on the adoption of dynamic techniques. As digital capabilities expand, the discipline 

must balance these responsibilities with the opportunities offered by innovation. 

Through transparent communication of both the limits and the provisional nature of 

forensic facial depictions, their value can be strengthened, ensuring they are used 

responsibly and effectively while also leveraging their engaging qualities to support 

recognition. 

 

Practical Implications 

• Multi-view static presentation (esp. those that include a three-quarter view) 

should be prioritised for public dissemination when the goal is to maximise 

accurate recognition, as increasing viewpoint availability produced the most 

reliable benefits across experiments. 



• Dynamic rotation may be useful in contexts where repeated exposure is expected, 

because recognition gains for dynamic presentation emerged most clearly at the 

second viewing. 

• Repeated exposure can increase correct naming, but it can also, to a lesser 

extent, increase mistaken naming. For applied casework, this reinforces the need 

for clear reporting and triage processes to manage false leads. 

• Where platform constraints limit the number of images that can be shared, 

practitioners should prioritise additional static viewpoints rather than substituting 

motion, particularly when only a single exposure is likely. 

• Decisions about depiction presentation should be documented as part of 

casework reporting, since presentation format can influence both correct 

recognition and the rate of mistaken identifications. 
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