Stealth Updates of Visual Information by Leveraging Change
Blindness and Computational Visual Morphing
SHUNICHI KASAHARA and KAZUMA TAKADA, Sony Computer Science Laboratories, Inc., Japan
We present an approach for covert visual updates by leveraging change blindness with computationally generated morphed
images. To clarify the design parameters for intentionally suppressing change detection with morphing visuals, we investigated the visual change detection in three temporal behaviors: visual blank, eye-blink, and step-sequential changes. The
results showed a robust trend of change blindness with a blank of more than 33.3 ms and with eye blink. Our sequential
change study revealed that participants did not recognize changes until an average of 57% morphing toward another face in
small change steps. In addition, changes went unnoticed until the end of morphing in more than 10% of all trials. Our findings
should contribute to the design of covert visual updates without consuming users’ attention by leveraging change blindness
with computational visual morphing.
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1 INTRODUCTION
Pervasive displays and wearable displays such as AR glasses are effective for keeping information updated at
all times. However, it is necessary to constantly refresh the display to keep it updated or for the users to be
constantly context-aware. Updating the visual presentation after it appears on the display will always cause a
change in perception and draw the user’s attention, which will distract users from the task or action they were
originally focused on [1]. In other words, contextual information might make changes more apparent. How then
can we update visual information without drawing attention?
In this work, we propose a covert visual information update that does not draw attention by leveraging visual
change blindness to suppress the change perception. Change blindness is a well-known phenomenon where humans fail to detect obvious changes even if they are on display. This occurs when a visual transient is suppressed
or obscured in such a way that the user’s attention cannot be drawn to it [29, 32, 36]. Since change detection
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Fig. 1. Highlight of our investigation about change detection in visual blank, eye-blink, and step changes. The results showed
a robust trend of change blindness with (a) a blank of more than 33.3 ms and (b) eye blink with small morphed image change.
Moreover, users did not notice the morphing changes until (c) more than halfway through morphing toward another face.

without a visual transient depends on a comparison of visual impression and visual short-term memory, previous studies have shown that change blindness does not occur with large image changes [2]. In our approach, we
computationally generate a series of interpolated images and gradually apply the changes to update the visual
information while suppressing the perception of changes between before and after the visual update.
To design such a stealth visual information update, we first need to clarify how the amount of visual change
and the temporal design affect the user’s detectability of visual change. Therefore, the purpose of this article is to
acquire the design parameters for intentionally suppressing change detection through a series of change blindness experiments. We performed computational morphing to generate gradual visual changes in three types of
visual information (face, natural images, and text) and investigated the occurrence of change blindness (i.e., user’s
detectability of visual change) in three temporal characteristics: visual blank, blink, and sequential changes.
In the first experiment, we investigated the change detection with different visual blank durations and amounts
of visual change in a one-shot change detection task. The results showed that the rate of change blindness
stabilized for visual blanks of 33 ms or longer for all visual types. As the blank time of 33 ms is shorter than
the typical duration of a human blink, we performed a similar change detection task for eye blink in our second
experiment and found similar trends to the visual blank. On the basis of these results, we conducted a sequential
change experiment to investigate a situation where interpolated visual changes are applied sequentially and
gradually. As one of the highlighted results, we found that by applying interpolated facial image change during
blanks, we could perform up to an average of 57% facial morphing to another face without the user noticing,
and in more than 10% of the trials, participants did not recognize the change even after the face was completely
altered. Our results and findings may suggest new methods for updating information without attracting users’
attention, by leveraging visual change blindness with computational visual information morphing.

2 RELATED WORK
2.1 Change Blindness
When a visual object on a display suddenly changes (i.e., when updating text on a UI, displaying notifications, or
changing pictures in ads), users typically notice it, because the change produces a sudden perceptual transient
that draws attention to itself [29]. However, when transients do not occur or are obscured, visual changes can be
remarkably difficult to detect, which causes change blindness [29, 32, 36]. Change blindness has been studied in
various experimental paradigms to occlude transient changes [14, 18, 26, 32]. For example, in the flicker paradigm
[32], participants view a cycle of two versions of images sequentially with a blank screen inserted in between
each image. By manipulating the image presentation time and various blank times (40, 80, 160, and 320 ms),
Rensink et al. showed that change blindness is affected by the volatility of the visual processing [31] To separate
the effects of long-term memory from the repeated presentation in the flicker paradigm, they also introduced a
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one-shot paradigm where an image is briefly presented, followed by a brief blank or mask, and then followed by
a second image [30].
In addition to manipulation of the visual sequence, Grimes found that when a portion of an image was clearly
changed in synchronization with the timing of the saccade (large eye-movement), 50% of observers failed to
notice the change [14]. Moreover, O’Regan et al. reported that when the image was changed at the moment of
the blink, observers failed to noticed changes even when they were gazing at the location of the change [18].
As display technology continues to evolve, the frame rate (frequency of visual updates) has increased [28],
along with high-speed eye-tracking, which enables the production of short visual interruption even when synchronized with eye movement. Since off-the-shelf devices allow us to control high-frame-rate displays, change
blindness is no longer merely an experimental phenomenon in a lab but can be deployed in our daily environment. However, it is unclear how the length of a visual interruption influences the detectability of changes in
the image as the drawing speed of displays increases, which is one of our interests in this study.

2.2 Applications of Change Blindness
Since computer systems often rely on visual displays to convey information to users, the prevention of change
blindness is important for human-computer interface design [23, 39]. In process monitoring and control systems,
where it is important to detect changes by monitoring visual information, change blindness must be considered
[12] in the context of tasks performed by naval command and control system personnel [11]. Davies et al. reported
the change blindness phenomenon in handheld mobile devices and its impact on mobile UI design [8]. Brock et al.
investigated change blindness in a proximity-aware mobile interface and discussed the merits of either exploiting
change blindness or mitigating it for mobile proximity-aware interfaces [6]. While change blindness is typically
considered a phenomenon that should be mitigated to avoid potential failures in human-computer interaction,
there is also research that seeks to take advantage of un-noticed changes. In a virtual environment, for example,
redirected walking with head motion-induced change blindness [37], blink-induced change blindness [21], and
saccade-based change blindness [4] have been proposed. Sebastian et al. [24] proposed covert changes in a virtual
reality scene by using eye-tracking to determine when and where an image can be changed. There is also a
remarkable example of exploiting change blindness as well as inattention blindness [35]. By exploiting change
blindness in saccades, auto page-turning enables continuous reading without manual control of the scrolling
[42]. Goddard et al. reported that smooth illuminating color changes occur in the absence of transient signals,
which means that color changes can go unnoticed without visual disruption and the change is not required to
be very gradual [13].
For covert updates in visual information systems, it is necessary to design visual change based on the nature
of the change perception. Ma et al. proposed a computational model to quantify the degree of blindness between
an image pair by considering the saliency of the image [22]. Additionally, even if a visual transient is interrupted,
a user may notice large changes based on visual impression and visual short-term memory [2]. Hollingworth
et al. reported that semantically inconsistent changes can be detected faster than consistent ones in the change
detection task [15]. This suggests that the semantic properties of the morphed images should be maintained
smoothly enough to be consistent during the interpolation of visual information.

3 GENERATION OF MORPHING VISUAL INFORMATION
In our study, considering the information we usually see on screen media, we focused on three categories of
visual information: face, non-face (natural landscapes, animals, food, and everyday objects), and text. To generate
a morphing visual sequence for each category, we used StyleGAN2 [17] for the face image generation, BigGAN
[5] for the non-face images, and BERT for text [10]. Figure 2 shows examples of generated images in each category.
Here, we describe how the intermediate visuals were generated.
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Fig. 2. Examples of image morphing in face, non-face, and text categories. Note that images of text have been cropped. For
the actual image, see Figure 3.

Fig. 3. Example of generated images for face, non-face, and text categories. (A) morphing rate 0.0; (B) morphing rate 0.5.

3.1 Face Morphing
By utilizing latent space in a generative adversarial network (GAN), morphing faces even with high-level
semantic features can be achieved [16]. In our experiments, we used this interpolation of faces in the latent
space to generate the morphing of faces. To consider the cross-race effect [38], we chose a pre-learned model
of StyleGAN that was trained with the Flickr-Faces-HQ Dataset (FFHQ).1 This model can generate a wide
variety of faces of any race, gender, or age. In our experiments, all presented faces were unique and new for
participants.
With the pre-trained StyleGAN2 model [17], we generated image morphing by interpolating two vectors
in the latent space, which we randomly generated with a standard normal distribution. To avoid unexpected
1 https://github.com/NVlabs/ffhq-dataset.
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visual clues in the experiments, we excluded obvious fragmentation or obstacles on the face, children, images containing other faces, and extremely conspicuous backgrounds. We then randomly selected two vectors from these sets of vectors and generated images along with the interpolation steps (defined as the
change rate) of 0.05, 0.1, and 0.5; therefore, the number of steps in morphing was 20, 10, and 2, respectively
(Figure 2).
To clarify the distribution of images, we investigated the Euclidean distance of pairs of generated images in
the latent space. The average distance between the “From” and “To” images, which were randomly determined
with a normal distribution, was 31.7 (SD = 0.93). In addition, the average distance of interpolated images in
change rates 0.05, 0.1, and 0.5 was 2.99 (SD = 0.38), 5.97 (SD = 0.77), and 29.87 (SD = 3.84), respectively. Since
these are small SD values, we can roughly observe the correlation between the interpolation change rate and the
distances in the latent space. These numbers might reflect visual impressions between each interpolation rate;
for example, with 0.05, 0.1 interpolation change rates, two faces look similar and identical, respectively, but with
the 0.5 interpolation change rate, two faces look like a different person.

3.2 Non-face Image Morphing
To investigate visual scenes and objects other than faces, we chose the pre-trained model of BigGAN [5]
(256 × 256 pixels), which was trained using Imagenet [9]. To generate interpolated images for our experiments,
we selected approximately 15 labels, each corresponding to landscapes, animals, food, and everyday objects, for
a total of 60 labels, and then chose interpolation pairs between similar label categories to avoid image artifacts.
Then, we randomly selected pairs of two vectors in the latent space and generated images along with the interpolation change rate with 0.05, 0.1, and 0.5 (Figure 2). We also investigated the Euclidean distance of pairs
of generated images in the latent space and found that between “From” image and “To” image it was 1.715 (SD,
0.0897) and between interpolated images in 0.05, 0.1, and 0.5 it was 0.089 (SD = 0.0043), 0.190 (SD = 0.0099), and
1.694 (SD = 0.114), respectively.

3.3 Text Morphing
Unlike faces and natural images, text interpolation cannot be produced as pixel interpolation. Therefore, we implemented word-based text interpolation by using Bidirectional Encoder Representations from Transformers (BERT), a neural network that is often used for natural language processing [10]. Using masked language
modeling, we extracted nouns, adjectives, and verbs from a sentence by morphological analysis and replaced
these original words with the estimated words so that the original sentences could be slightly updated. We
defined a 100% morphing change as a sentence in which all words were replaced, and then performed text morphing by gradually replacing the replaceable words in an order-randomized manner. Figure 2 shows examples
of the text morphing. In the following experiments, we used a pre-trained model trained in the native language
of the participants, and the source text for morphing was randomly extracted from the text datasets of opensource movie review articles with 150–300 characters. We generated the series of 60-step morphed sentences
and then converted them into images with a monospaced font as visual stimulus. We note here, Fig 3 includes
an example of text image in English. In the native language of the participants, line breaks occur character by
character. In the case of English, the stimulus image is cropped so that each line starts with the first letter of
the word.

4 STUDY 1: ONE-SHOT CHANGE DETECTION WITH BLANK
In the first experiment, our aim was to investigate the detection rate in different durations of visual blank occlusion with different degrees of visual change. We implemented a change detection task in a one-shot paradigm
[30] where participants were instructed to report whether they noticed the change.
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Fig. 4. Study 1 paradigm. One-shot change detection with visual blank.

4.1 Apparatus
We conducted the study using a keyboard and a high-frame-rate display2 running at a resolution of 1,920 × 1,080
pixels with a refresh rate of 240 Hz. Considering inconsistent frame intervals when rendering the frame drop, we
measured the frame drop at the moment of blanks and excluded data when the frame drop occurred. Note that the
occurrence of a frame drop was 0.57 % in the total data of study 1. These devices were connected to a Windows 10
computer with an Nvidia GPU (Geforce RTX2070 SUPER) and CPU (AMD Ryzen 3960X 3.8 GHz). The study took
place in a semi-lit room. Participants viewed the monitor from a distance of 70 cm, with a 40-degree horizontal
field of view for the full screen.

4.2 Task
Participants started a trial by pressing “9” on the keyboard, and then four images (PRE) were displayed on the
screen with a 50% gray color background. The size of each image was 10.3 deg with a 70-cm display distance.
The 50% gray blank was inserted with six different durations or no blank, followed by the display of four images,
but one of the four was changed (POST). Participants were instructed to press the corresponding key “1”–“4”
when they detected a change. They were also asked to look at the fixation throughout all trials. Here, our main
focus here was the explicit detection of change. Considering that previous studies have shown that undetectable
stimulus can influence subsequent decisions in forced choice task [20]. To avoid any subliminal influence of
blinded images, we also asked participants to press “0” when they could not detect any change among the four
images.

4.3 Materials
For generating two levels of visual change rate (CR = 0.1 and 0.5) from the generated morphing sequences
described in Section 3, we extracted one image for PRE with the randomly selected morphing rate MRpr e =
random(0.0–0.5) and another for POST with the morphing rate MRpost = MRpr e +CR. To avoid the effect of the
participants’ memory, three other un-changed images were also extracted from the morphing image sequences
with a randomly selected morphing point. In our experiment, we compressed the gradation of each RGB channel
of the color image to between 20% and 80% and set the blank frame color as 50% gray to make sure we could
induce a reliable visual blank. By using a high-frame-rate camera (1,000 Hz), we ensured that images became
invisible in all grade-compressed color channels in the minimum blank duration (8.3 ms).

4.4 Procedure
Participants gave their informed consent prior to the experiment and were provided with detailed instructions
on how to perform the experimental task. To avoid experiment artifacts stemming from a low engagement or
2 ASUS

ROG SWIFT PG258Q (ASUS, Taipei, Taiwan, 24.5-in.).

ACM Transactions on Applied Perception, Vol. 18, No. 4, Article 23. Publication date: October 2021.

Stealth Updates of Visual Information

• 23:7

Fig. 5. Results for study 1: One-shot change detection with visual blank. We investigated two levels of visual change rate
and seven different lengths of blank duration [0.0 (no blank), 8.3, 16.6, 33.3, 66.6, 133.3, and 266.6 ms]. Compact letter displays
(a–e) letters show which blank groups are not significantly different in the post hoc analysis.

automatic response, we also added dummy trials where one of the four images was changed to an obviously
different object (e.g., a face to a banana). We then confirmed that all participants responded to them correctly.
We designed a within-subjects experiment with two independent variables featuring seven different lengths
of blank duration [0.0 (no blank), 8.3, 16.6, 33.3, 66.6, 133.3, and 266.6 ms] and two levels in the change rate
ACM Transactions on Applied Perception, Vol. 18, No. 4, Article 23. Publication date: October 2021.
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[0.1 and 0.5] of visual change. Participants performed the tasks in three blocks (face, non-face, and text image).
In each of the three image categories, 12 trials with two levels of change rate featuring seven blank durations
and five dummy trials were performed in randomized order. The order of each category was counter-balanced.
The total time per participant, including instructions, experiments, breaks, post-questionnaires, and debriefing,
was 30 min.

4.5 Participants
We recruited 12 participants (two self-identified as female, ten as male) from a local institute. Their ages ranged
from 19 to 33 (mean = 25.8, SD = 5.0) and all had normal or corrected to normal vision.

4.6 Results
We collected participants’ responses for change detection (we treated wrong answers and “0” (non-detected) as
incorrect) for each trial. In 14 possible combinations (of seven blank durations and two change rates of morphing),
we acquired 12 samples of data points and then calculated the change detection rate [0.0–1.0]. Figure 5 shows
the results for change detection rate in different blank durations for both levels of change rate. To investigate
the significant difference in seven blank durations (0 ms, 8.3–266.7 ms) and the two levels of change rate, we
conducted two-way repeated ANOVA analysis on the change detection rate in the three visual categories. In the
face image category, we found a significant effect of both the change rate (F(1, 154) = 6.40, p < 0.001) and the
blank duration (F(6, 154) = 1.48, p < 0.001), and an interaction (F(6, 154) = 0.35, p < 0.001) in the change detection
rate. The non-face image category had similar results: significant effects of both variables were found (change
rate: F(1, 154) = 4.97, p < 0.001; blank duration: F(6, 154) = 1.42, p < 0.001), as well as an interaction (F(6, 154) =
0.212, p < 0.001). In contrast, in the text category, while the effect of the blank duration rate was significant (F(6,
154) = 2.73, p < 0.001), the effect of the change rate was not significant (F(1, 154) = 0.08, p = 0.093), but significant
effects were found in the interaction (F(6, 154) = 0.065, p = 0.047). These results demonstrate that the duration
of the visual blank affects the detection rate in all image categories and that the change rate matters in (1) face
and (2) non-face images but not in (3) the text category. Subsequent TukeyHSD post hoc tests revealed statistical
significance in the blank durations. Figure 5 shows the details with compact letter displays (CLDs) indicating
which blank duration groups are not significantly different by TukeyHSD post hoc test.

4.7 Discussion
As we see in Figure 5, there was a sudden drop in the detection rate around the blank duration of >16 ms in
all three categories with change rate 0.1. We assume that some level of visual transients are still perceptible in
visual blanks of less than 16 ms, so participants easily detected the changes without any cognitive process. In
contrast, in blanks of more than 33 ms, we observed a static trend of the detection rate in the face and non-face
image categories. More interestingly, the detection rates in change rates 0.1 and 0.5 were converged to a different
values, which suggests that the amount of change matters in terms of the cognitive comparison (Figure 5). This
converged trend of the detection rate provides an important implication for designing stealth updates; namely,
in the case of applying covert changes for a non-focused visual object, it is not necessary to apply a longer
visual blank. For example, a visual blank of 16 ms (one frame on a 60-Hz display) was sufficient for a small
change, which is equivalent to the 0.1 change rate in our stimuli (Figure 2). This indicates that we can perform
stealth updating without adding a longer distractive visual blank than necessary. In the text visual category
(Figure 2—Text), the trend of detection rates in different blanks did not reveal any significant difference between
the two levels of change rate. We presume that even if the number of changes in the sentence became larger, the
amount of visual change to the image was not large.
In study 1, we have clarified the trends of detection rate corresponding to the blank duration and showed that
the occurrence of change blindness is robust with blanks of more than 33.3 ms. The fact that 33 ms is shorter
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Fig. 6. Study 2 setup and paradigm.

than the typical duration of a human blink [25] led us to consider how these findings might be compatible to
change blindness with eye blink, which does not require an unnecessary perceptible visual distraction.

5 STUDY 2: ONE-SHOT CHANGE DETECTION WITH BLINK
The main objective of this study was to investigate whether the trend of change blindness in eye blink was
consistent with visual blank (study 1). In study 2, we utilized the same apparatus as study 1 except for the eyeblink detection, which is synchronized with a high-frame-rate display. Participants in study 2 were the same as
those in study 1. We also used the same material for visual stimulus.

5.1 Blink Detection
Eye blinks can be classified as voluntary blinks [19], reflex blinks, and spontaneous blinks, which are done
without conscious control. We mainly focus on spontaneous blinks in this study. The average duration of the
down-phase closing and the up-phase opening in a spontaneous blink is 100 ms and 220 ms, respectively [25].
During blinks, visual perception is suppressed in a similar way to saccadic suppression. This suppression of
visual input lasts for a maximum of 30–40 ms before the upper eyelid covers the eyes and gradually resumes the
sensitivity at 100–200 ms after the beginning of an eye blink [33, 40, 41]. To leverage the maximum suppression
during spontaneous blinks, we need to detect blinks and update the visual as quickly as possible.
Therefore, we built a low-latency blink detection system synchronized with a 120-Hz display frame rate to
update visuals during blinking with low latency. The high-frame-rate camera (Ximea MQ013CG-ON) captures a
color image at 140 fps with an exposure of 5 microsecond. This camera is connected to the computer via USB-3.0.
The system tracks facial landmark points using dlib (68 facial landmarks3 ) and then calculates the eye aspect
ratio (EAR), which describes the level of the eye opening. By identifying a rapid drop of the EAR value, the
system can detect blinking in real time [7]. These recognition processes are completed within 7.0 ms and are
designed to be synchronized with the 120-fps drawing process.

5.2 Procedure and Task
Participants followed the same procedure as study 1. After pressing “9” to start, they looked at the fixation and
four images (PRE) that were displayed, the same as in study 1. When the blink of a participant was detected,
one of the four images was changed (POST). Participants were instructed to respond to the detected change by
pressing “1”–“4.” If there was no response from a participant 2 s after the PRE-POST changes during the blink
of an eye, then the text dialog “[0] for not found” was displayed and the participant was prompted to answer
whether or not the change had been detected. We designed it this way because participants did not know when
to respond if change blindness occurred.
3 http://dlib.net/.
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Fig. 7. Results for study 2: One-shot change detection with human blink.

Due to individual differences in the shape of the eyes or the manner of blinking, there is a possibility of
confusing whether a participant’s response to detecting a change is due to the participant’s ability or to the
system accuracy of blink detection. Therefore, to exclude this confusion, we added a single rendering frame (8.3
ms, one frame in 120 Hz) green color visual stimulus only at the first rendering frame of the POST image, as
shown in Figure 6. Participants were instructed to “press [8] whenever you see green,” without knowing the
purpose of the question or what caused the green stimuli to appear. We then ignored any responses with this [8]
key response. The detection rate of the green frame was approximately 12% throughout the experiments. Note
that we confirmed in a preliminary experiment that we can usually detect a single frame green visual stimulus
in 120-Hz display rendering.
Participants performed the tasks in three blocks (face, non-face, and text image). The order of each category
was counter-balanced.

5.3 Result
We collected the participant responses in the two levels of change rate of morphing, acquired 15 samples of
data points, and then calculated the change detection rate [0.0–1.0]. Figure 7 shows the results for the change
detection rate in eye blink for both levels of change rate in three visual categories. The average of the change
detection rate was 0.39 (SD = 0.20) and 0.10 (SD = 0.09) in face, 0.32 (SD = 0.15) and 0.12 (SD = 0.11) in non-face,
and 0.11 (SD = 0.10) and 0.10 (SD = 0.12) in text, at change rates 0.5 and 0.1, respectively.
For the analysis, all data were assessed for normality using the Shapiro-Wilk test and we found that the
detection rate in one of the two conditions or both conditions was not normally distributed. Wilcoxon signedrank tests between the two levels of change rate (0.1 and 0.5) indicated significant differences in the detection
rate for the face (p < 0.01) and non-face (p < 0.01) visual categories, but not for the text (p = 0.674). Our statistical
analysis shows that the change rate of visual stimulus affects the detection rate in (a) face and (b) non-face images
but not in (c) the text category.

5.4 Discussion
Similar to the results in study 1, the detection rate with change rate 0.1 was quite low (less than 10%) in general.
Participants stated that they did not notice when the image was changed, even if they were closely concentrating on the task. This demonstrates the robustness of the change blindness with our frame-synchronized blink
detection. The trends of the detection rate were similar to the converged detection rate where the duration of
the blank was more than 33 ms (Figure 5). While it is not appropriate to compare these two results statistically
ACM Transactions on Applied Perception, Vol. 18, No. 4, Article 23. Publication date: October 2021.
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Table 1. Experimental Design of Study3, Sequential Change
Detection Task

(1) step change
(a) face (b) non-face (c) text
change rate = 0.05
change rate = 0.1
change rate = 0.5

(2) gradual change
(a) face (b) non-face
duration = 50 s
duration = 25 s
—

Fig. 8. Study 3 paradigm: Step change and gradual change.

due to their slightly different paradigms, we can expect similar behaviors of the blink-induced change blindness
to visual blanks of more than 33.3 ms.
The similarity of the results in studies 1 and 2 indicates that we can apply the blank paradigm to simulate
the phenomena that can occur in eye blink for more complex situations. The results of both studies have shown
that an average 10% of changes can be detected with small visual changes (morphing rate of 10%). Here, a new
question arises: in the case of a change applied continuously in steps, not just a one-time change, to what extent
can visual changes be stealthily applied through a series of changes?

6 STUDY 3: SEQUENTIAL CHANGE DETECTION TASK WITH BLANK
To investigate how covert updates can be applied continuously, we conducted a change detection study examining sequential visual updates with different levels of change step (or speed) and gradual change.

6.1 Task
We designed a within-subjects experiment with one independent variable (change rate) featuring three levels in
(1) step change and two levels in (2) gradual change.
For step change, we changed one of the four visual stimuli every blank with the designated change step, from
the initial image to the target image, step by step throughout each blank. Blanks occurred periodically in each
trial sequence. This was a modified version of the flicker paradigm [32], where the target visual sequentially
changes over blanks. Participants were instructed to press the corresponding key “1”–“4” whenever they noticed
which pictures had been changed. We set the blank duration to 66.6 ms, since study 1 revealed that the converged
ACM Transactions on Applied Perception, Vol. 18, No. 4, Article 23. Publication date: October 2021.
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detection rate for change blindness with a blank of more than 33.3 ms. To enable closer estimation of a blinkinduced change blindness, the blanks were scheduled to occur once every 2.5 s. This assumes the timing of a
natural human blink, which occurs approximately 24 times per minute [34]. For step change, we compared three
levels of the change rate CR: 0.05, 0.1, and 0.5, with 1.0 as the 100% change. Therefore, in each condition, 20 (50 s),
10 (25 s), and 2 (5 s) changes are required for 100% completion of a change. Note that we added one more change
rate in addition to the conditions in studies 1 and 2, to investigate how a smaller change rate would affect the
detection of change in sequential changes.
In addition to the step changes, we investigated the gradual change of images [36] as another option for
continuous change. For a better comparison with step change, we set two gradual speeds, 25 and 50 s for a 100%
completion of change, corresponding to the 0.1 and 0.05 change rate conditions in the step change. Note that we
exclude the 5-s condition (corresponding to a 0.5 change rate), since the visual motion was clearly obvious. We
generated a gradually changing video with 60 keyframes displayed at 60 fps, with pixel interpolation performed
between keyframes.
The main aim of this study is to investigate the extent to which visual morphing updates go unnoticed. We
defined a “stealth score” metric for this evaluation, as follows. In step change mode, the progress of change toward
its completion is described as CR × N , where N is the number of steps that have been taken. In cases where a
participant detects the change at step n in a trial, we can assume the participant was unaware of changes until
step n − 1. Therefore, the ‘stealth score’ to indicate the extent to which a user is unaware of changes is defined as
CR × (n − 1). For example, when a participant detects the change at step 6 in the 0.1 change rate (CR) condition,
the stealth score is 0.1 × (6 − 1) = 0.5. In cases where a participant does not find changes throughout the whole
trial, the stealth score is 1.0, as a stealth update has been completed without change detection.
For the gradual change mode, similarly, the “stealth score” is described as a value of the time of detection
divided by the length of the gradually changing movie. For example, when a participant detects the change 20
s after the task started (and the gradual video starts to proceed) in the 50-s speed condition, the stealth score is
calculated as 20 s/50 s = 0.4. Again, this value is aligned with the one in step change.

6.2 Participants
We recruited 18 participants online. Their ages ranged from 22 to 27 (mean = 23.7, SD = 1.3), with four selfidentified as female and 14 as male. None of them had participated in study 1 or 2. All had normal or corrected
to normal vision.

6.3 Setup for Online Experiment
Participants were instructed to visit a designated web site and run the experimental program implemented in
p5js4 on a web browser. We had them set up a normal lighting environment in the room. At the beginning of
the experiment, participants distanced themselves from the screen as specified so that the task window was at a
40-degree viewing angle. In the experimental program, we confirmed that the graphic rendering was executed
at 60 Hz. The blank duration in each trial was measured, and if we observed any blank duration of 66.6 ms +/−
10 ms or more, we excluded the corresponding trial data.

6.4 Procedure
All sessions began with four practice trials to demonstrate the procedure with one highly noticeable change in
both the step and gradual change. At the beginning of each trial, participants were instructed to focus on the
fixation in the first blank in the step change mode and the first 2,500 ms in the gradual mode with no change. This
was to make sure the participants could concentrate. After the fixation disappeared, participants were allowed
to move their eyes as they pleased during the trial.
4 https://p5js.org/.
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Fig. 9. Response distribution of stealth score of all participants in study 3. Pale color represents correct detection of change
and solid color represents wrong detection. Gray indicates that participants never detected anything.

We conducted five separate blocks for each participant: (1-a) face, (1-b) non-face, and (1-c) text category in
blank mode, and (2-a) face, (2-b) non-face in gradual mode (see Table 1). For the three blocks in step change, ten
trials with three levels of change rate (0.05, 0.1, and 0.5) were performed in randomized order, for a total of 30
trials. In the two blocks for gradual change, ten trials with two levels of change rate (25 and 50 s) were performed
in randomized order. The order of each mode and category was counter-balanced.

6.5 Result
Figure 9 depicts the raw data for each condition with all participants’ responses. Note that the stealth score in the
step change is plotted with intervals of the change rate. We excluded 7% of the collected data due to frame drop.
We also excluded the data from three (in step change) and one (in gradual change) of the participants, because it
had a high frequency of frame drop (more than 50%). In the end, we acquired data of 15 participants for the step
change and 17 participants for the gradual change. We did not observe the effects of learning in the trials, as we
had found no correlation between the trial index and participants’ responses in stealth score (R 2 < 0.001).
6.5.1 Step Change. For the step change, we calculated the average stealth score of each participant. Figure 10
shows the distribution of average stealth scores from each participant’s response in each condition. In the face
category, the mean of the average stealth score of each participant was 0.560. (SD = 0.233), 0.575 (SD = 0.160),
and 0.295 (SD = 0.227) at the change rate of 0.05, 0.1, and 0.5, respectively. Pairwise Friedman’s tests (p < 0.05)
were conducted to compare the effect of the change rate CR on the stealth score in the change rate 0.05, 0.1,
and 0.5 conditions. There was a significant difference among the distributions of the three categories of images
(based on Friedman’s test, χ 2 (2) = 12.4, p < 0.01). Subsequent post hoc Steel-Dwass tests revealed a significant
difference (p < 0.05) between the conditions of [0.05, 0.5] and [0.1, 0.5] but not in [0.05, 0.1] in the face visual. In
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Fig. 10. Average stealth score (how much users did not notice) in each condition in blank mode. For example, stealth score =
0.5 means participants did not notice a change until a 50 % change in sequential morphing.

the non-face category, the stealth score of each participant was 0.360 (SD = 0.139), 0.425 (SD = 0.126), and 0.421
(SD = 0.151) at the change rate of 0.05, 0.1, and 0.5, respectively. A one-way repeated measures ANOVA was
conducted to compare the effect of the change rate on the stealth score in the 0.05, 0.1, and 0.5 conditions. There
was no significant effect of the change rate on the stealth score at the p < 0.05 level for any of the three conditions
[F(2, 26) = 1.4785, p = 0.2465] in the non-face visual. Interestingly, in the text visual category, the average values
of the stealth score showed opposite trends: 0.420 (SD = 0.218), 0.525 (SD = 0.209), and 0.783 (SD = 0.156) for the
change rate of 0.05, 0.1, and 0.5, respectively. A one-way repeated measures ANOVA was conducted to compare
the effect of the change rate on the stealth score in the change rate 0.05, 0.1, and 0.5 conditions. There was a
significant effect of the change rate on the stealth score at the p < 0.05 level for all three conditions [F(2, 26) =
27.0615, p < 0.01]. Subsequent Tukey-Kramer post hoc tests revealed statistical significance in the [0.05, 0.5] and
[0.1, 0.5] pair-wise conditions (p < 0.01) but not in the [0.05, 0.1] conditions in the text visual.
6.5.2 Gradual Change. A paired-samples t-test was conducted to compare the average stealth scores in the 25and 50-s speed conditions for both image categories. There were no significant differences in the 25-s condition
(M = 0.358, SD = 0.161) or 50-s condition (M = 0.378, SD = 0.113); t (16)) = 0.514), p = 0.613) in the face category, nor
for the non-face category (25-s condition: M = 0.236, SD = 0.100; 50-s condition: M = 0.237, SD = 0.102, t (16)) =
0.046, p = 0.964).

6.6 Discussion
As we found in the statistical analysis, in each visual category, we observed different characteristics. In the face
category, the trends of the small change rate (0.05 and 0.1) and large change rate (0.5) were consistent with
those in study 1. While this would simply seem to suggest that larger visual changes are more likely to be
detected earlier, it is notable that there was no difference between the change rates of 0.05 and 0.1. We presume
this is because the stealth score also depends on the number of changes required to obtain a certain morphing
progress, i.e., more change steps happen and there is a greater probability that participants would be able to
detect a changing visual object. From this point of view, the change rate for each step should be designed with
a consideration of this trade-off.
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In the non-face category, we did not find any statistically consistent trends among the three levels of change
rate. To understand why, we conducted post-interviews to determine what kind of strategy the participants
took. Their answers clarified several strategies used to find changes for different types of images, such as finding
added or removed objects, motion with high-frequency images (pasta, pizza), and the border between objects and
background. As P3 stated, “Once I found a change in a food image, I knew what to focus on when finding [changes]
in similar images.” We observed analogous comments from other participants, indicating that once participants
confidently found changes in an image, they established a strategy to find changes in similar images. As we
can observe in Figure 9, participants were unaware of changes by the end of morphing in more than 12 % of
the trials. This suggests that even if they could find cues or strategies, finding changes was still difficult even
when participants were intentionally looking for them. We also conjecture that updating visual representations
in user’s visual memory eventually kept users unaware. Previous literature showed that our lack the ability to
simultaneously represent two complete visual representations as one of the mechanism of change blindness [3].
Since participants were allowed to look for changes while moving their eyes, four visuals (including the updated
one) were always exposed to them. This might also overwrite the visual representations in visual memory along
with the visual updating, which means participants did not acquire cues for detection even when the total change
was quite large.
Particularly in the non-face category, three participants mentioned they were aware of certain visual artifacts
that are typical visual errors in machine learning generation. Since we utilized the pre-trained model of BigGAN
[5], which generates images of relatively low quality, those visual errors were useful clues for detection.
As another interesting finding, in the text category, we observed that, in direct contrast to the trend in the
face category, the average stealth scores were higher even in the large change rate. As we found in studies 1
and 2 that the change rate did not have any effect on the detection rate in text visuals, we interpret this trend in
study 3 as stemming from the effect of the number of change steps; in other words, the number of changes will
influence the stealth score.
Although it is not feasible to statistically compare the blank and gradual modes, we observed lower trends
of stealth score for the gradual changes in both visual categories. This is supported by comments from all participants like “Gradual mode was easier than blank mode.” As we designed the speed of the gradual change to
correspond to the speed of the step changes, this suggests that observers are less sensitive to change with blanks
and blinks as compared to gradual changes.

6.7 Limitation
We here note that there may be some bias in our experiment, in terms of the diversity of participants [27]. Even,
to the best of our knowledge, no gender differences in change blindness have been reported, it is necessary
to consider the diversity of participants not only in change blindness but also to investigate more universal
properties including memory and attention.

7 CONCLUSION
We have presented an approach for unaware visual updates by leveraging change blindness with computationally
generated morphed images. To investigate the design parameters for stealthy updates of visual information, we
conducted three change detection experiments for visual blank, eye-blink, and step-sequential changes with
a generated morphed visual. Our findings clarified the fundamental nature of stealth updates. Designers and
researchers should be able to use our findings as a basis for designing more practical visual information layouts
for covert visual updates while taking attention and gaze into account. We envision that this study will contribute
to the design of covert visual updates without consuming users’ attention by leveraging change blindness with
computational visual morphing.
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