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HIGHLIGHTS

e Generative Al text-to-image tools are increasingly used for community engagement.

e We propose a new approach of integrating generative Al text-to-image tools in the process of participatory design.

e We compromise the pace of translating participatory discussions into images, balancing between real-time approaches and extended periods.
o This approach involves using ‘controlled imperfect’ generative images.

e We collect keywords during the participatory discussions for prompt crafting, streamlining the translation of the discussions into visuals.

ARTICLE INFO ABSTRACT
Keywords: Effective landscape planning relies on community insights through participatory design to achieve local needs.
Participatory design Visual media can assist community engagement, and visuals created using generative Al text-to-image models are

generative Al
Generative design
Midjourney
Landscape planning
participatory Al

increasingly adopted for such purposes. We explore a new approach of including generative images in partici-
patory planning through a case study with the Diverse Corn Belt Project in the US Corn Belt. Our method is
applicable to other contexts, and adds to the literature in three ways. First, we propose a compromise between
real-time image generation and extended time workflows of translating participatory discussions into generative
images, benefiting from the instant generation of generative models while controlling the output. Building on
this proposed pace, we suggest creating what we call ‘controlled imperfect’ images as a balance between “fake
perfects” and “conversational imperfects” suggested by the literature. In addition, we propose simplifying the
process of translating participatory discussions into an image output through directly collecting keywords
necessary for prompt engineering. We build on our case study to outline a revised method for future research.

1. Introduction economic conditions to propose sustainable future land uses, accounting
for multiple factors integrating ecosystems, landforms, water resources,

Landscape planning is a design approach based on a shared under- and human activities. This process requires interdisciplinary knowledge
standing of a specific geographic region’s social, ecological, and and experience to identify trends, goals, and objectives affecting future
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land use possibilities (Filor, 1994; Gazvoda, 2002; Seddon, 1986).
Building on this foundation, participatory design has emerged as a
crucial approach, recognizing that local communities who live and work
in the landscape possess valuable place-based knowledge essential for
identifying sustainable landscape solutions (Filor, 1994; Hester, 2012;
Sanoff, 2016; Sanoff, 2000). Facilitating effective community engage-
ment is key to this process, and visualization tools have been shown to
be effective in this regard (e.g., Al-Kodmany, 2010; Al-Kodmany, 2020;
Fredericks et al., 2018; Kajosaari et al., 2024; Lovett et al., 2015; Senbel
& Church, 2011).

As generative text-to-image visualization tools gain momentum in
designing the environment (e.g., Fernberg, 2024; Fernberg & Cham-
berlain; 2024; Li & Amoroso, 2023; Schlickman et al., 2024), some re-
searchers are also exploring the potential of these tools in the
participatory design process (e.g., Bova, 2025; Guridi, Hwang, et al.,
2025). While visual methods prove effective for working with commu-
nities on design projects, common tools (e.g., photographs, maps, and
physical models) often require significant amounts of time between it-
erations and can limit the interactivity needed for effective community
collaboration (Al-Kodmany, 2010; Sanoff, 2026; Sanoff, 2000). Ideally,
designers could quickly update designs based on community feedback.
As generative Al text-to-image tools can rapidly turn texts into images,
such tools may offer a solution to this challenge (e.g., Bova, 2025).
Despite the availability and promise of technology to do so, generating
images that reflect text prompts requires skills and training in prompt
engineering and image curation, especially as the generative models
may yield unexpected results that designers need to navigate (Guridi,
Hwang, et al., 2025). Further, images generated instantly using a one-
shot approach can create “fake perfects”, which can limit conversation
because of the perception of perfection and suggests the need for
“conversational imperfects” (Guridi, Cheyre, et al. 2025). On the other
hand, “conversational imperfects” generated using a one-shot approach
might not be always appropriate for the specific participatory discus-
sion. As a result, designers must critically approach using generative Al
images in participatory settings and develop methods to “navigate the
unexpected” outputs and avoid potential harm to participants, such as
when the results are biased or offensive (Guridi, Cheyre, et al., 2025). In
addition, the process of translating participatory text data (usually in the
form of text transcripts) to an image output is a long process, making the
creation of proper images from the participatory discussions a long
process, even when the generative text-to-image can be produced
rapidly (Alkhateeb et al., 2024; Guridi, Cheyre, et al., 2025; Konarieva
et al., 2019).

In light of this, we introduce a replicable approach that integrates
generative Al text-to-image tools into the participatory design process.
Designers can apply this methodology to various contexts, and we
illustrate its potential through a case study of the Diverse Corn Belt
(DCB) project. Through our approach, we contribute to the literature in
three ways. First, we suggest a compromise between real-time image
generation methods, where participants see the entire text-to-image
process as part of the participatory process (e.g., Bova, 2025; Guridi,
Hwang, et al., 2025), and the extended time periods between iterations
when using the generative tools in a traditional pace that ignores their
potential for instant generation (e.g., Alkhateeb et al., 2024). This
approach ensures that the images used in the participatory setting are
appropriate for the specific participatory discussion. The generation of
instant images using a one-shot approach might be unpredictable,
leading to “fake perfect” images that limit discussion as they are seen as
complete or uneditable (Guridi, Hwang, et al., 2025). While “imperfect”
generative images are favored over “fake perfects” as they potentially
allow for more conversation (Guridi, Hwang, et al., 2025), the imper-
fection of instant generation can be risky (Wasielewski, 2023), poten-
tially leading community conversations in unwanted directions. We
contribute to the discussion of “fake perfects” and “conversational im-
perfects” in the literature by introducing the use of what we call
‘controlled imperfects.” Further, we present a process that simplifies the
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conversion of participatory big-text data (e.g., transcripts) into images,
which is typically a long and intensive process. Notably, we skip the
“text compression” phase of participatory data analysis (Konarieva
et al., 2019), accelerating the generative process.

Below, we present related work in this burgeoning field (Section 2),
followed by the case study context within which we developed our
method (Section 3). We present the text-to-image methods we used in
our case (Section 4), the results thereof (Section 5), and a discussion of
selected aspects of our case and results (Section 6). Building on our case
results, we then propose a revised process to be used and tested in future
work focused on integrating generative Al text-to-image into partici-
patory design processes (Section 7). Finally, we present some of the
limitations of our research (Section 8).

2. Related work

Designers in disciplines focused on the physical environment are
increasingly adopting Al tools (e.g., Hakimshafaei, 2023; Phillips et al.,
2024). Generative Al has also been incorporated into the design toolkit
of landscape architects (Fernberg, 2024; Fernberg & Chamberlain; 2024;
Xing et al., 2025). Designers use generative Al tools to: create early-stage
architectural drawings for interior and exterior design (Ploennigs &
Berger, 2023), generate and evaluate landscape design proposals (Lee,
2025), create floor plans and 3D models from sketches (Li et al., 2024),
generate design options for urban areas (Schlickman & Magana-Leon,
2024), design small scale garden layouts (Senem et al., 2024),
generate landscape renderings (Huang et al., 2024; Li & Amoroso,
2023), and create asset libraries of rendering elements (Fernberg et al.,
2023).

Generative Al tools are increasingly being integrated into community
engagement processes (e.g., Du et al., 2024; Guridi, Cheyre, et al.,
2025), although this application remains limited (Guridi, Hwang, et al.,
2025; Valenca et al., 2025). One consideration is the basic usefulness of
this approach. For example, Schlickman et al. (2024) tested whether
community participants could distinguish previously made generative
Al images from other selected media, finding that people often could not
tell the difference. Bova (2025) explored integrating generative Al text-
to-image tools into urban regeneration using World Café workshops for
two sites in Italy, creating images from textual proposals developed in
the workshop and prompt crafting in real-time. As much as this research
is promising, there are few limitations as the generated images lacked
realism. Moreover, real-time image generation with participants can be
problematic, as the results of generative Al text-to-image tools cannot be
fully anticipated as Wasielewski (2023) suggested. Also, hampering the
image generation process is an incomplete understanding of the
participatory proposals, leading to a poor connection between the
community needs and the prompt (Bova, 2025).

Others have worked closely with individuals to gather information
about the thoughts that informed image generation. Alkhateeb et al.
(2024) interviewed displaced Syrian refugees to capture their personal
stories about their urban landscapes, using narratives to inform prompts
for text-to-image generation of the landscapes. They then shared the
resulting images with interviewees for evaluation. While this method is
innovative and likely meaningful to interviewees, its transferability to
participatory community design is limited. First, the approach relies on
individual responses and experiences, whereas participatory design
typically involves collaborative discussions and decision-making. Sec-
ond, the researchers shared images with participants without further
editing or control of the instant text-to-image result, which may be
problematic given the topic’s sensitive nature. As Alkhateeb et al. (2024)
did, Guridi, Hwang, et al. (2025) used interviews to create generative
visuals, but through real-time interviews with community members to
develop designs of public urban space. These generative Al-mediated
interviews allowed for instant modifications of the visuals, but the re-
searchers reported critical considerations, including managing unex-
pected visual outputs generated in a real-time setting. Importantly,
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Guridi, Hwang, et al. (2025) found that “conversational imperfect” im-
ages were better for sparking discussions compared to “fake perfects,”
about which participants had few suggestions to change.

As illustrated above, there is a need for more qualitative information
about participants’ thought processes related to images generated by Al
through text prompts and with further testing of generative AI’s utility
in participatory processes. Our paper answers the call Schlickman et al.
(2024) and Guridi, Cheyre, et al. (2025) made for generative Al tools to
be tested and reflected upon by designers. We also analyze participant
discussions around the images, a need identified by others (Bova, 2025;
Schlickman et al., 2024).

3. Study context

Our method was developed for and tested in facilitated community
visioning sessions for sustainable agricultural landscapes in the Corn
Belt. This is a region where a large-scale industrialized monoculture of
corn and soybean dominates the rural landscapes of the Midwestern
United States (Prokopy, Carlson et al., 2020; Prokopy, Gramig et al.,
2020). This landscape of intensive monocropping leads to negative
environmental, social, and economic impacts (Jackson & Jackson, 2002;
Jackson, 2008; Prokopy, Gramig, et al., 2020). The Diverse Corn Belt
(DCB) Project is a USDA-funded project that aims to, among other goals,
co-produce landscape-level scenarios supported by diversified agricul-
ture in the US Midwest (Asprooth et al., 2025; Prokopy, Carlson, et al.,
2020; Traldi et al., 2024). To accomplish this, Reimagining Agricultural
Diversity (RAD) teams were formed in each of three states (Illinois,
Indiana, and Iowa) that include farmers, landowners, producers, re-
searchers, community members, food processors, and retailers were
developed. Potential RAD team participants in each state were identified
through direct contacts research team members had in their extensive
networks within each state and then by asking those initial contacts to
share the invitation with others they felt might be interested. A sub-team
of planners, social scientists, and landscape architects from the DCB
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project leads in-depth visioning sessions with each state’s RAD team to
create collectively owned visions of Midwestern diversified agricultural
landscapes. We tested our generative text-to-image for participatory
design methodology in one set of RAD visioning sessions (i.e., one ses-
sion in each of the three states). Activities were approved through the
Purdue University Institutional Research Board (Protocol #2022-151).

4. Research methods

We used a process similar to others’ methods using generative Al
text-to-image for participatory design processes, whereby we went
through a tool selection process (Step 1), generated a priori images for
the sessions (Step 2), and used the images as the basis for discussion
during sessions (Step 3). We also used participant input (Step 4) to revise
images (Step 5), but this process differed between sessions and from
previous approaches. Based on our experiences in the first two work-
shops, we revised parts of our process for the third (Steps 4 and 5), as
shown in Fig. 1.

4.1. Selecting Al text-to-image tool (Step 1)

Because there are many generative text-to-image tools, we first
reviewed three popular tools to select the most suitable for our research.
We tested DALL.E 2, Midjourney, and Adobe Firefly, as these models
were promoted as having potential for design applications and were
available to us from the initial stages of our research (e.g., Fernberg
et al., 2023; Ploennigs & Berger, 2023; Phillips et al., 2024). We tested
each for its capability to represent agricultural landscapes. We followed
what others have suggested for evaluating generative Al text-to-image
tools by using the same prompt as an input in different generative
tools (e.g., Li et al., 2023; Wang et al., 2023). We ran ten landscape-
related prompts in each of the three selected tools. We selected Mid-
journey because it has better overall landscape representation quality,
fewer representation flaws in a landscape setting, and better prompt-
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following abilities than DALL.E 2 and Adobe Firefly (see Appendix A).
While we did not follow a pre-established evaluation approach of
generative text-to-image tools, such as the one established by Li et al.,
(2023), we believe that Midjourney was the best for our research needs.
We recommend other researchers follow a more rigorous tool evaluation
and quality assessment to select a generative Al tool for their research
before moving to the next step of our proposed method (e.g., Li et al.,
2023; Wang et al., 2023).

4.2. Generating visuals of the future of the US corn belt landscapes (Step
2)

We prepared generative text-to-image conceptual visuals of five
initial diversification agricultural systems as defined by the DCB project,
recognizing that different systems and definitions would likely result
from project activities. The DCB diversified agricultural systems were
developed for the Midwestern US context as they can support environ-
mental, social, and economic outcomes in this region (Asprooth et al.
2025). The five systems are (1) extended rotation with three or more
crops over 3+ years, (2) perennial pasture/forage and perennial
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bioenergy crops, (3) horticultural food crops, (4) integrated/grazed
livestock, and (5) agroforestry (please see Appendix B for the definitions
of the systems, and Appendix I for the generative images we created for
the five systems). Here, we focus on the agroforestry system as an
example to showcase the steps we followed in our method. The
following steps show that generating images with Al text-to-image tools
is an iterative process, requires a continuous evaluation of each result
before moving to the next step, and that “post-processing” using an
editing tool is necessary to “fine tune” the final generative output (Liu &
Chilton, 2023; Oppenlaender, 2022). Please see the conceptual figure
below (Fig. 2).

e Step 2.1: We used the DCB definition of agroforestry to guide prompt
writing. We tested different prompts in Midjourney V5.2 to evaluate
their potential to generate reasonable results for the agroforestry
system. Our experimentation with prompting and evaluation of early
results led us to craft better prompts to produce better outputs. This
process was nonlinear.

2.1.1. Prompt 1 2.1.2. Prompt 2

Step 2.1: Testing different prompts in Midjourney

2.2.1. Prompt X, first run

2.2.2. Prompt X, second run

s 7', i

2.2.Z. Prompt X, run number Z

Step 2.2: Running the selected prompt multiple times in Midjourney ‘

2.3.1. upscaling the result

2.3.2. Editing

2.3.Y. Editing (Y-1)

2:3.3. Editing (2)

Step 2.3: Editing in Midjourney

Step 2.4: Editing in Photoshop

Fig. 2. A conceptual drawing of (Step 2). The highlighted parts are the selected parts for each step. From top to bottom: selecting a prompt; selecting an output of one
query generated by the selected prompt; out of the four results from the selected query, selecting one result for editing, and then editing it; finally, editing

in Photoshop.
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e Step 2.2: We ran the selected prompt multiple times in Midjourney.
Once we had a promising visual result, we treated this visual result as
the base for our final output.

Step 2.3: Using various Midjourney editing tools, we edited the base
visual result (Purdue CCED, 2024) (see Appendix C for an example).
The editing process was also nonlinear and required multiple
workflows. We sometimes used new prompts during the editing
phase to support image refinement. Hundreds of images were dis-
carded during the process, as shown in Fig. 3 where discarded images
from the agroforestry image generation process may be viewed.
Step 2.4: We used Adobe Photoshop for minor editing of the Step 2.3
output. The editing process focused mainly on enlarging property
size, removing excess roads, and editing Midjourney flaws that we
could not eliminate directly in Midjourney, such as removing some
light structures from the Midjourney-generated agroforestry image.

4.3. Participatory sessions (Step 3)

We collaborated with the RAD teams in three DCB visioning work-
shops, held in Illinois, Iowa, and Indiana during February, March, and
August 2024. Around seventy collaborators included farmers, agricul-
tural landowners, agricultural consultants, educators, researchers,
nonprofit employees, NGO employees, and government agents. We used
the World Café (The World Café Community Foundation, 2015a, 2015b)
style activity to engage RAD teams in evaluating five text-to-image
representations, one for each of the five diversified agricultural sys-
tems, and to gather participants’ insights about how they see their future
environment. We started our activity with a general introduction about
Midjourney and explained that the presented images were not pre-
determined visions of the future, rather that this is a visual tool to
support discussions of potential futures.

Participants were asked to randomly gather around five tables in
Mlinois and Indiana, and three tables in lowa. Five researchers facilitated
the discussions in each session, focusing on one agricultural system.
Each facilitator used one (32*32 in.) printed poster of one of the five AI-
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generated images to direct the discussions about the agricultural system
represented in the image. While participants typically move between
tables in a typical World Café setting, in our case facilitators were the
“travelers” because of time limitations (The World Café Community
Foundation, 2015a, 2015b). Discussions at each table were used to
document the process and later transcribed for analysis.

Participants were asked two questions: (1) What about the pictured
system will you KEEP (What about the pictured system are you excited
about or believe will work well in your region?), and (2) What about
the pictured system will you CHANGE (What about the pictured
system will need to be modified for it to work well in your region?). We
handed stickers with blue and yellow arrows to the participants (blue for
“keep” and yellow for “change”). Participants at each table discussed
their thoughts and shared them directly on the poster by writing on the
stickers. For each round, the discussions lasted from 7 to 10 min. Once a
round was over, the facilitators moved to the next table, summarized the
responses of the previous table(s) to the new group, and asked the new
group to build on, but not repeat, the work of the previous one(s). The
figure below (Fig. 4) shows the posters of agroforestry with input from
multiple stakeholders in Illinois, Iowa, and Indiana (please see Appendix
D for enlarged versions of the posters).

4.4. Data analysis of Illinois and Iowa meetings (Step 4, option a)

Participants posted 76 notes as responses on the agroforestry posters
presented in Illinois and Iowa RAD visioning sessions (Please see Ap-
pendix D). These responses were coded to identify unique themes and
priorities to craft the new prompts for the agroforestry image (see Step 5
below). We began with a typical basic categorical coding process
(Creswell, 2009), but qualitative analysis procedures intended to
develop a phenomenological “essence description” or a grounded theory
—in other words, a final explanation for phenomena of interest in a given
case — were too structured and in-depth to meet the need we had of
revising visualizations based on participant feedback. The full initial
process, the results of which we largely discarded in favor of the adapted

. e E -
e AT A B
BB VRN AR VNSV )

Fig. 3. A screenshot from Midjourney website. The screenshot shows 301 images generated through our experimentations with the agroforestry image (Steps 2.1 —
2.3). The highlighted images are the parts of the workflow that led to the generation of the final image. Other images were only part of the process, but did not lead to

the final result.
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Fig. 4. Top left: The presented poster for the agroforestry system. Top right and bottom: Agroforestry poster showing participants’ responses (Step 3) in Illinois Iowa,
and Indiana. Initial image prompt: “Aerial bird view perspective watercolor rendering of a midwestern grid landscape that has largescale alley cropping, with woody
perennials and shrubs, with berry shrubs, with grape trees, with apple trees, with nut trees, with herb shrubs.”

approach explained below, can be found in Appendix E. Our revised
methods are included here.

One researcher used transcripts from visioning sessions and notes
from the research team’s coding meetings to develop thematic groupings
of participants’ written responses to images. The transcripts were not
analyzed in depth; instead, they were used to determine the context
within which people were discussing certain written comments and
allowed the researcher to group comments within the correct theme.
The result is a final set of twelve themes comprised of information that
are used to refine images and one theme capturing conceptual infor-
mation that could not be used to refine images (e.g., “economic™). The
twelve visualizable themes (please see (Fig. 5) below, and Appendix E)
include: (1) crop and livestock diversity; (2) ecosystem and natural re-
sources; (3) community; (4) on-farm management practices; (5) infra-
structure; (6) farm buildings; (7) storage, processing, and distribution;
(8) representation flaws; (9) light structures; (10) renewable energy;
(11) market; (12) machine, equipment, tool, and modern technology. All
conceptual comments were coded as (13) non-visual, other. Some
participant responses to images were categorized under more than one
theme, such as “edible windbreaks,” which we categorized under both
“crop and livestock diversity” and “on-farm management practices”
themes. For the agroforestry image, the most common themes were as
follows:

— Crop and livestock diversity (24 %)

— Ecosystem and natural resources (18 %)

— Community (9 %)

— Infrastructure (9 %)

- Storage, processing, and distribution (7 %)
— Representation flaws (7 %)

4.5. Generating new images (Step 5) based on stakeholder responses in
Illinois and Iowa

The responses from participatory sessions (Step 3) in Iowa and Illi-
nois, and the themes identified in Step 4 (option a) allowed us to
generate new visuals addressing stakeholders’ visions of their land-
scapes. The workflow below led to the creation of a new set of visuals
addressing most of the participants’ input. For more information about
this step, please see (Appendix F, Appendix J) and [Purdue, 2024].

e Step 5.1: Different prompts were tested in Midjourney V6.1 until we
achieved an effective prompt that generated the images we expected
or hoped for (similar to Step 2.1). The new, reasonably short,
prompts were crafted based on the most common themes identified
from our analysis (steps 3 and 4) as recommended by others
(Alkhateeb et al., 2024; Li et al., 2023). While this approach did not
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Fig. 5. Grouping similar sticker responses together based on community engagement sessions in Illinois and Iowa.

incorporate every individual response, it still allowed us to address e Step 5.4: Even after hundreds of attempts, we failed to add accurate
the priority themes and many aspects of the other themes. representation of humans and animals (Please see a sample in Ap-
e Step 5.2: We again followed the same process as Step 2.2, revising pendix H) in the image using the Midjourney inpainting tool (vary
the prompt over multiple iterations until we achieved an appropriate region). In response, we used Adobe Photoshop to add silhouette
base image. cutouts of people, livestock, and birds to the final Midjourney result
e Step 5.3: We edited the result of Step 5.2 using various Midjourney as these aspects were very important to the community stakeholders.

editing tools. Here, we used new prompts and many reference images
for inpainting (drawing over selected parts of the image). The editing 4.6. Data analysis of Indiana meeting (Step 4, option b)
focused on refining the images to address stakeholder responses. This

process was nonlinear, and around two thousand images were dis- Our first approach of sticker data analysis (Step 4, option a) took a
carded while generating the new agroforestry image (please see few hours to conduct and went through multiple rounds over a month.
Appendix H for a sample of discarded images and the reason behind Since we are trying to develop a quick method of data analysis that will
their exclusion). lead to a quick image regeneration, we tested a new data analysis

approach to support prompt making using data from the Indiana RAD
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Fig. 6. Grouping similar sticker responses of the Indiana meeting together.
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meeting. The Indiana meeting participants posted 54 notes as responses
on the agroforestry poster. We created a sticky note for each community
response on a Miro Board and distinguished the “keep” responses from
the “change” responses (please see the figure below (Fig. 6)). Two re-
searchers grouped similar responses together, and we were able to finish
the grouping process and reviewing the groups in less than 10 minutes.

4.7. Generating new images (Step 5) based on stakeholder responses in
Indiana

In our previous approach to this step, we did not set a time limit for
our experimentations, but here we tried to test if we could create a high-
quality updated agroforestry image within a limited time, so we allowed
ourselves to spend only one hour on this step. The Indiana responses
(from Step 3) that were grouped thematically (Step 4, option b) were
used to craft new prompts to generate the new image. We followed the
same workflow presented in section 4.5 above. Different prompts we
tried in (Step 5.1) included keywords from the largest groups of similar
stickers of keep and change. Then, we tried to include other keywords
during the editing (inpainting) process.

5. Results

5.1. Insights on community’s reaction to the generative Al images (results
of Step 2)

The use of generative images in the participatory sessions proved
effective, aligning with the literature about visual tools in participatory
design (e.g., Guridi, Hwang, et al., 2025; Sanoff, 2000; Valenca et al.,
2025). For example, a participant thought that having a scenario helps
thinking about the future: “I like the picture... I like that better than just
having to think up what you’d add kind of thing. It makes you think a little
differently with the picture... I just like having a scenario sort of as the
background. Whether it’s horticulture, agroforestry...” While the presented
scenarios were not related to a specific site, participants were aware that
the idea is to imagine this scenario as their future landscape, so they
built their discussions around this assumption. For example, a partici-
pant said: “If that was my orchard, I'd have sheep grazing underneath those
trees.”

Regarding the quality of the images, different stakeholders thought
that the images were good: “Yeah, I think it’s a good visual. ” Also, some
participants were impressed that these images were created by a
generative Al tool or by the quality of the result: “I was so impressed by
this image, and then I learned that it was AL I was like, wow, somebody did a
lot of work here. “ Another participant said: “Actually, for an Al bot, this is
really good. I mean, my gosh, this is really good.” In addition to the satis-
faction with the images, some participants reactions shows that the
images were quite realistic: “I'm just hearing the birds and the insects
looking at this.” Eventually, some participants seemed to relate to the
presented visions and the possibility to live in such landscapes: “This
does look like a place I'd be more likely to want to live.”

When we created the generative images with Midjourney (Step 2),
we tried to make the images as accurate as possible because we aimed to
deliver correct representations to the community stakeholders. Despite
that, the images were still inaccurate. For instance, an Indiana meeting
participant critiques the agroforestry image saying: “It doesn’t look very
true agroforestry... I don’t think it’s accurate...” However, such inaccuracy
led to a valuable discussion, with another participant from the same
secession saying: “Well, it looks green in between. So I'm going to say they
have perennial growth underneath, which is good.” The green rendering
between the trees, while not specifically representing perennials,
allowed us to understand the need for perennials under the trees to make
this landscape a more accurate representation of agroforestry from the
point of view of this participant. Such inaccuracy and the ability to
interpret the image was even more interesting when participants tried
fitting the images to their own landscape visions, as we show in the
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discussion below about the agroforestry image. The imperfection,
despite raising concerns and shifting discussions, still allowed for more
conversations and sparked imagination as noted by previous research
(Guridi, Hwang, et al., 2025; Valenga et al., 2025).

P7: “Okay. So are these trees here or it almost looks like vines?”
Facilitator: “You can think about them maybe as small trees still growing,
or you can think about it as something else. What do you think about
them?”

P8: “I mean, that could be an orchard.”

P7 “That’s what I'm looking at. It could almost be an orchard. Maybe it’s
an apple orchard.”

P8: “Well, yeah. I mean, you really don’t know what species there are. So
you may have fruit nut production. I mean, in Indiana, I mean, you could
easily make this an orchard and have some cherry trees, some apple trees.
I mean, there’s a lot of diversification you can have in this scenario. It
doesn’t have to be all hardwoods.”

P7: “I like the orchard idea.”

Facilitator: “You like it? Would you like to write it down? Thank you.”
P2: “I would say an orchard, at least on the right.”

P8: “And yeah, maybe even up in here as well.”

P2: “Yeah, there could be something starting.”

P8: “It could be. Again, this is an Al-generated photo.”

P7: “Right. But still, it’s pretty fun.”

P8: “You got to give it some liberties.”

In terms of concerns raised by inaccuracies, the absence of people
was a critical issue. A participant noted: “But I'm worried that this is the
AI’s version of what they think the landscape should be. There are no people
in the landscape.” The absence of people and built-up areas from the
images created a feeling that these images are devoid of life, which is
problematic, even for sessions focused on proposal modification: “Again,
these are all devoid of life... It’s really not set up, I guess, for people to be out
there. There’s no power line. Nothing. No water tower. No nothing.” In
addition to these concerns, inaccuracies also led to conversations
focusing on minor details rather than the broader landscape, shifting
attention away from key discussions as participants get busy criticizing
the images. This includes criticism of plant species or livestock: “The
trees are kind of fuzzy so I can’t really say anything about a particular tree;”
criticism to the accuracy of scale: “I wonder what the scale here is. In a
way, when you look at the horizon, it’s dissimilar;” and criticism of the
inaccuracy of the horizon line representation: “So where are the moun-
tains in the background of the Midwest?”’

5.2. The new agroforestry image based on stakeholder responses in Illinois
and Iowa

Participatory feedback on “keep” and “change” categories from Illi-
nois and Iowa meetings informed the updated version of the agroforestry
image. The figure below (Fig. 7) shows the agroforestry images before
and after community engagement sessions. It is clear that the updated
image addresses some of the major themes identified from the two
meetings data (please see section 4.4 above and Appendix G for a
detailed analysis of the results). For example, the new image kept the
existing crop diversity, added more crop diversity, and included a di-
versity of livestock in the system. The new image also addressed the
ecosystem and the natural resources by including more green areas, and
two bodies of water. In terms of community aspects, the new image
showcases a town in the background, and people engaged in the agro-
forestry landscape. The agricultural system and the community were
also supported by roads, a cellphone broadcasting tower, and water
tanks that showcase the presence of infrastructure.

5.3. The new agroforestry image based on stakeholder responses in
Indiana

Keywords from the stickers posted on the agroforestry image in
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Fig. 7. Left: Result of (Step 2) of the agroforestry image. Right: the updated agroforestry image (Result pf Step 5) after the Illinois and Iowa participatory sessions.
Initial prompt of the image on the right:”Aerial wide angle watercolor rendering of the Midwest. The image shows rolling hills and flat plains. Largescale agroforestry
cultivation. Groves of organized tree lines o of chestnut, hazelnut, and diverse fruit trees with small crops under the trees. Some farms have mature trees and some
have small trees. Different crops are cultivated under the tree canopy (understory crops), including vegetable crops, cash crops, shrubs, herbs. A narrow water stream
is visible. A main street leads to a town in the background, adjacent to it are solar panels. In the middle ground there is livestock. There is also a storage building and a
farmhouse. A riparian buffer locates on the edge of this farm. Adjacent to the town are processing facilities for fruit and nuts production.” The image was edited, both

in Midjourney and Photoshop.

Indiana prompted the updated image of the agroforestry, but the process
was not straightforward. The first few results that Midjourney yielded
were not accurate representations of the prompt, which was crafted
from community responses. Nevertheless, after more experimentation
for an hour, and after discarding around 300 images, we generated an
image that is not perfect but addresses some of the community feedback
written on the stickers, such as keep “orchard;” keep “cover between
trees;” add “cattle;” add “roads;” add “homes;” among other keywords.
The figure below (Fig. 8) shows the first Midjourney output compared to
the one we developed within an hour.

6. Discussion

As we detail below, our final method is an effective and efficient
means for streamlining text-to-image conversion in participatory pro-
cesses. Balancing effectiveness and efficiency required developing
‘controlled imperfects;’ that is, having “good enough” images that
reasonably approached reality such that they aided rather than hindered
discussions. Finally, we close with a number of suggestions others can
use in their processes to adapt and improve this method.

6.1. Simplifying the big text-to-image process

Typically, the process of regenerating images from text requires a
“text compression” process to distill the essential information from long
texts into selected keywords (Konarieva et al., 2019). This process is
often time-consuming, requires specialized training in qualitative
methods, and can involve subjective decisions in keyword selection by
the researchers (Alkhateeb et al., 2024; Guridi, Hwang et al., 2025). In
contrast, our approach uses stickers to collect already “compressed” data
in the form of a few keywords selected by the participants. The stickers
exclude redundant information that is unnecessary for image genera-
tion. While we also audio-record discussions to capture the full context,
our sticker method does not require the in-depth analysis and inter-
pretation typically required for qualitative research, as our intent was
not to develop theory or richly describe a case. Transcripts and stickers
were used solely to inform image revision and the context within which
revisions were suggested. Our method streamlining enabled more effi-
cient image development and reduced complexity, an important
contribution to the literature (please see (Fig. 9) below). This approach
is ideal in cases with high engagement across multiple community

Fig. 8. Left: the four options that Midjourney provided for the prompt “Aerial bird view perspective watercolor rendering of a midwestern grid landscape that has a
diversity of orchards with different trees in each orchard, with livestock grazing under the trees, with people walking around and tourism, a town in the background,
with wind turbines and solar power, with farm buildings, with crops and cover crops, with wetland, with pond and habitat, with tractor.” Right: the updated

agroforestry image after the community session in Indiana.
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Text

Image generation

(Data from participatory
design session)

Text compression

Keywords from text

Fig. 9. Big text data, such as transcripts, often need to be analyzed to select few keywords needed for prompt engineering to inform image generation. Our approach
streamlines the process by directly collecting the keywords from community engagement sessions. The figure is adapted from (Konarieva et al., 2019).

sessions that normally require significant analytical demands (Guridi,
Cheyre, et al., 2025) as our approach help minimizing such analysis. In
addition, this streamlined approach is crucial for a controlled “real-
time” text-to-image participatory approach (see Future Directions
section).

6.2. Finding the optimal pace: Neither instant nor overly slow

Text-to-image models hold promise for community engagement in
design due to their rapid image generation capabilities, an advantage for
facilitating instant modifications and continuing community conversa-
tions (Bova, 2025; Guridi, Hwang, et al., 2025). However, such real-time
integration poses concerns, many of which relate to the images’ content
(Du et al., 2023). Therefore, the results of generative image models must
be questioned and critically evaluated (Guridi, Cheyre, et al., 2025;
Oppenlaender, 2022; Valenca et al., 2025) to avoid presenting “unex-
pected” visual outputs to the community stakeholders that might pose
critical concerns (Guridi, Hwang, et al., 2025). While some researchers
still chose to generate instant images as part of the community
engagement activity (e.g., Bova, 2025; Guridi, Hwang, et al., 2025),
others chose to create the generative images over an extended period of
time (after the participatory process) before sharing the results back to
the community (e.g., Alkhateeb, 2024). The first approach poses risks of
using “unexpected” visuals as we mentioned, and the second might help
avoid that risk. Yet, with its slow pace; it uses generative tools in a time-
consuming manner that does not harness the full potential of generative
text-to-image models.

Through our approach, we first tested whether we could create high-
quality images that address most of the community inputs. The process
was time-consuming, involving extensive data analysis and hours of
experimentation with Midjourney to create a perfect image that “slowly
emerges over time” (Oppenlaender, 2022). Although we achieved high-
quality results, the process was lengthy and did not meet our objective of
using generative tools efficiently. Our initial approach was actually
focused on customizing the output image, but the literature pointed out
that the process itself is more important (Guridi, Hwang, et al., 2025;
Valenca et al., 2025). In our new approach of data analysis and image
generation (presented using Indiana meeting data in Step 4 (option b)
and Step 5 (option b), and further advance in the Future Directions
section below), we suggest a balance between instant generation and
slow pace, making sure that researchers have the chance to calibrate the
image outputs before presenting them back to the community, while
also not using the generative text-to-image tools in a slow pace that
mimics the use of traditional visualization tools, such as Photoshop.

6.3. ‘Controlled imperfect’ generative images

Recently published research suggested that imperfect images can be
more effective for community discussions as they allow for more con-
versation than perfectly crafted images (Guridi, Hwang, et al., 2025),
meaning that fine-tuning the images is unnecessary, and even not rec-
ommended. Our initial approach’s inability to balance quality and ef-
ficiency, and the recent research suggestion not to focus on producing
realistic images led us to revise our method. We realized that detailed
data analysis was not necessary prior to image generation. Instead, we
could use community keywords to craft our prompts. As we crafted the
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prompts and quickly tried them in Midjourney, the results did not match
our expectations based on community discussions and sticker notes. At
the same time, these results fit the description of “conversational im-
perfects” suggested by (Guridi, Hwang, et al., 2025), which, although
beneficial in some community engagement processes, were too far from
our goals and would likely be problematic in future engagement ses-
sions. After experimenting with Midjourney for an hour, we achieved an
image output that balanced quality and time, yielding what we call
*controlled imperfects.” These images, while imperfect, are reasonable
enough for community discussions while avoiding potential issues with
inaccurate representations. This approach enables us to leverage the
speed of generative text-to-image technologies while maintaining con-
trol in a way that enables fruitful conversation, not hindering it. Fig. 10
below illustrates the difference between “fake perfects”, “conversational
imperfects,” and our ‘controlled imperfects’ of the agroforestry land-
scape. We believe that designers can take our updated approach further
to enable other forms of integrating generative text-to-image tools in
participatory design (see Future Directions below).

7. Future directions

This research aimed to explore new ways of integrating generative
text-to-image tools in participatory settings, benefiting from their real-
time potential (e.g., Guridi, Cheyre, et al., 2025), while maintaining
control over the results. Our approach of collecting readily available
data for prompt crafting, and generating ‘controlled imperfect’ images
seems promising. We believe these contributions can advance partici-
patory design by enabling quick and controlled use of generative tools.
The figure below (Fig. 11) presents a method we think is possible to
adopt by researchers and designers as they engage with the community.
Building on our DCB case study, this method starts by finding the suit-
able generative text-to-image model for the specific design need (e.g.,
visualizing a building renovation proposal might need a different
generative model than street design). Then, the practitioners can create
a design proposal before meeting the community. Following that, the
community engagement session, in a World Café format or any other
format, can be used to collect keywords to feed the next round of text-to-
image generation. These keywords can be grouped and prioritized by the
community members within a few minutes. Following that, practitioners
can step away from community members, quickly develop ‘controlled
imperfect’ images within a short time, and then come back to the
stakeholders with a new scenario to start the process again within the
same workshop setting (participants may be engaged in a different,
probably supportive, activity meanwhile). This approach may enable
the development of mature design visuals through an iterative process
involving multiple rounds of data collection, grouping, and image gen-
eration. By these means, our suggested approach can “ground the verbal
responses and allow deeper conversations” as participants work on co-
editing the regenerative images (Guridi, Cheyre, et al., 2025). Adopt-
ing this approach might be particularly valuable for designers who aim
to facilitate collaborative design workshops within a condensed time-
frame, such as a one-day format, with the goal of developing detailed
designs with community stakeholders. Although we have not tested this
approach yet, we think it holds promise and we hope other researchers
can take this approach further. Given the speed at which Al is being
incorporated into planning and applied research and design, we expect
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Fig. 10. Left: “Fake perfect” agroforestry representation based on the Illinois and Iowa meetings. Middle: a “conversational imperfect” image of the agroforestry
system based on Indiana meeting. Right: a controlled imperfect representation of agroforestry based on Indiana meeting.
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engagement, keyword collection, and rapid generation of ‘controlled imperfect’ images, allowing for collaborative design development within a con-
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many exciting developments in the next few years that we can also
incorporate into our work.

8. Limitations

Rather than focusing on limitations and considerations of generative
tools, which are discussed in other literature (e.g., Albaghajati, Bettaieb,
& Malek, 2023; Betker et al., 2023; Du et al., 2023), we chose to present
the limitations of our research. One limitation comes from our request to
participants not to duplicate what other participants already posted on
the images, which, while promoting breadth, limited our ability to
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accurately identify prominent themes when grouping similar responses,
as we could not quantify the frequency of duplicated ideas. A revised
approach to be tested would examine whether it’s more effective to have
people include their salient thoughts rather than generate new ideas if
theirs was already discussed and written by others. Also, our tested
approach can create a power imbalance, with researchers prioritizing
keywords based on their count. In contrast, our suggested Future Di-
rection approach shifts power to participants, allowing them to deter-
mine emphasis. However, it may still be influenced by the presence of
the researcher or other individuals in the room. Another limitation is
that while sticker data may be convenient for image generation, we still
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see a need to go over the transcripts to ensure accuracy and context
understanding. Another key limitation of our study lies in not testing the
data analysis phase and image generation (Steps 4 and Step 5, option b)
within the participatory process, nor did we test the suggested approach
proposed in the Future Directions section. In addition, our suggested
Future Direction approach requires training the facilitators of the com-
munity sessions (or another person in the research team) on prompt
engineering, generating images, criticizing the results, and editing them
in a rapid time (e.g., Guridi, Hwang, et al., 2025). This means spending
significant time learning these skills prior to the community session,
especially if the session includes working with participants on multiple
proposals, meaning that multiple facilitators need to be experts in the
use of the selected generative model. Also, we expect that the image
developer (and the team) will be under pressure while working on a
‘controlled imperfect’ in a short time frame, especially with the current
limitations of generative tools in prompt following (Betker et al., 2023;
Liu & Chilton, 2023; Wasielewski, 2023), meaning that the final
‘controlled imperfect’ image might still be behind the expectations.

Declaration of generative AI and Al-assisted technologies in the
writing process
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