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Abstract—Choosing an appropriate outfit for the day is a 
common daily challenge. While many fashion applications exist, 
they typically recommend items from external catalogs without 
considering the user’s own wardrobe or the current weather 
conditions. Furthermore, outfit logging applications record past 
outfits but offer no recommendations based on that history. This 
paper presents CLIO, a Climate-aware and Legacy-based 
Intelligent Outfit Recommendation System that addresses these 
gaps. CLIO recommends outfits exclusively from the user’s 
personal wardrobe by scoring each registered outfit according 
to the similarity between the current weather and the weather 
on the day the outfit was worn. CLIO also prevents 
unintentional repetitive wearing by excluding recently worn or 
visually similar outfits from recommendations for a fixed period. 
Clothing regions are extracted using an instance segmentation 
model trained on a custom-annotated clothing dataset, and 
outfit similarity is computed via cosine similarity of deep 
convolutional feature vectors. A five-day deployment with a 
single user confirmed that both algorithmic components run 
end-to-end under real daily-use conditions. This paper is a 
systems contribution: we report the design, implementation, and 
proof-of-concept deployment of the pipeline, and we neither 
claim nor evaluate the effectiveness of the recommendations it 
produces. We specify the controlled study that establishing 
effectiveness would require, together with the quantitative 
evaluation the perception components require and the 
directions in which the weather model and preference handling 
should be extended. 

Keywords—outfit recommendation, weather-aware 
recommendation, instance segmentation, personal wardrobe 

I. INTRODUCTION

Deciding what to wear each day involves balancing 
multiple factors. A person must consider the weather forecast, 
ensure that recently worn items are not repeated too soon, and 
select from the clothes they actually own. Despite the 
widespread availability of fashion-oriented applications, no 
single system addresses all three concerns in an integrated 
manner.  

A. Motivation
Two distinct sub-problems make daily outfit selection

difficult. 
One challenge is selecting clothing that is appropriate for 

the weather. A daily temperature forecast alone does not 
immediately translate into a specific outfit choice. Mobile 
applications and social media platforms offer fashion 
inspiration, but the outfits they display are drawn from 
external photo collections rather than the user’s own 
wardrobe [1]. The presented images therefore serve only as 
abstract reference points; they cannot be directly adopted. 
Location-specific weather data is rarely integrated with the 

outfit selection process in a personal, wardrobe-bound 
context. 

Another challenge is avoiding repetitive outfit selection. 
Most people own far more clothes than they regularly wear, 
yet without a deliberate tracking mechanism they tend to 
repeat a small subset of outfits. Outfit logging applications 
such as digital wardrobe managers let users photograph and 
catalog their garments, but they do not use the recorded 
history to suggest what to wear next. 

B. Research Gap
Prior work on outfit recommendation has concentrated on

learning compatibility among clothing items drawn from 
large public datasets such as DeepFashion [1] or Polyvore [2]. 
These systems excel at answering “which top matches these 
trousers?” but they treat the item pool as an open catalog 
rather than the user’s personal, finite wardrobe. A smaller 
body of work considers contextual signals such as occasion 
or season [3], yet weather-level granularity, namely matching 
today’s temperature range to the temperature range 
experienced when a past outfit was worn, remains largely 
unexplored. Similarly, while visual similarity measures have 
been applied to fashion retrieval [4], their use as a wear-
history filter to prevent outfit repetition in a personal 
wardrobe setting has not been systematically studied. To 
address this gap, CLIO unifies personal wardrobe 
management, weather-score matching at the granularity of 
the daily temperature range, and similarity-based outfit 
exclusion into a single working system. The term legacy in 
the system’s name refers to the user’s own accumulated 
record of past outfits and the weather under which they were 
worn: CLIO draws its recommendations from that record 
rather than from an external catalogue or from prevailing 
fashion trends. 

C. Contributions
The main contributions of this work are:

(1) A weather score metric that quantifies the suitability of
each registered outfit for the current day by comparing
the temperature range recorded on the day the outfit was
worn with today’s forecast, enabling ranking rather than
binary filtering.

(2) A consecutive-wear prevention mechanism that uses an
instance segmentation model trained on a custom
clothing dataset and ResNet50-based feature extraction
to detect visually similar garments and exclude the
corresponding outfits from recommendations for a
configurable exclusion window.

(3) A complete end-to-end prototype implemented on
commodity hardware (Raspberry Pi4 and Camera
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Module 3) combined with a Flask web application, 
showing that the pipeline is implementable and operable 
on hardware suited to everyday personal use. 

(4) A proof-of-concept deployment with a single user,
confirming that both algorithmic components run end-
to-end under real daily-use conditions. This deployment
is a functional check of the implementation; it is not an
evaluation of recommendation effectiveness, and we
make no such claim.

Scope and claims. This paper is a systems contribution. We 
report the design, implementation, and proof-of-concept 
deployment of an end-to-end pipeline that runs on commodity 
hardware. We deliberately do not claim, and do not evaluate, 
the effectiveness of the recommendations that CLIO produces. 
Establishing effectiveness would require a controlled study 
with independent participants and appropriate baselines; we 
specify such a study as a protocol in Section V rather than 
attempt it here. The deployment reported in Section IV is a 
functional check that the implemented components operate 
under real conditions, and the observations recorded during it 
form a narrative usage log, not a measurement of 
recommendation quality. We report the work at this stage 
because the design is what we wish to place on record, and 
the protocol in Section V is set out in enough detail that the 
evaluation it describes can be carried out either by us or by 
other groups. 

The remainder of this paper is organized as follows. 
Section II reviews related work. Section III describes the 
system architecture and details the two core algorithmic 
methods. Section IV reports the proof-of-concept deployment. 
Section V states the limitations of the present work and 
specifies the evaluation protocol that future work should 
follow. Section VI concludes the paper. 

II. LITERATURE REVIEW

A. Outfit Recommendation Systems
Outfit recommendation has attracted considerable research

attention over the past decade, driven by the availability of 
large-scale annotated fashion datasets and advances in deep 
learning. A central theme in this field is outfit compatibility—
predicting whether a set of clothing items “go well 
together”—which was formalized as a learning problem by 
Han et al. [2]. Their bidirectional Long Short-Term 
Memory (LSTM) model encodes a sequence of garments and 
learns to score outfit compatibility from the Polyvore dataset, 
which contains over 400,000 community-curated outfits. 
Subsequent work has modeled outfit compatibility using 
graph neural networks [5], multi-task networks that perform 
both compatibility prediction and missing item retrieval [6], 
and contrastive learning frameworks [7]. 

A key limitation shared by these approaches is that they 
operate over a fixed, large item catalog. The user is implicitly 
assumed to have access to any item in the catalog, and the 
recommendation is “this top would complement those 
trousers,” not “of the clothes you own, wear this outfit today.” 
Personalization in this line of work typically means adapting 
to aggregated purchase or click history, not to an individual’s 
physical wardrobe. This distinction is important in practice 
because a user who does not own the recommended item 
cannot act on the suggestion. 

Several systems address personalization more directly. 

Kang et al. [8] demonstrated that incorporating user 
interaction history into visual embedding spaces markedly 
improves perceived relevance. Fashion recommendation 
from personal social media posts—where the user’s own 
worn outfits appear as training signals—was explored by 
Zheng et al. [9], but the approach requires a substantial 
volume of labeled social images per user. In contrast, CLIO 
records outfits at the point of wearing through a dedicated 
hardware capture device, making the system usable from the 
first day. 

B. Wardrobe Management and Outfit Logging
A separate category of applications focuses on recording

what users wear rather than on recommendation. Digital 
wardrobe managers such as Stylebook and Smart Closet 
allow users to photograph and catalog their garments and 
create outfit combinations manually. These systems generate 
an outfit history as a side effect of daily use, but they do not 
analyze that history to drive future suggestions. Kosugi [10] 
proposed a “clothing playlist” system in which a Raspberry 
Pi camera and a passive infrared sensor automatically 
photograph the user’s outfit each morning; the images are 
cataloged together with temperature and humidity readings 
from an environmental sensor. Although this system captures 
weather data alongside outfit images, it does not use that data 
to score or rank outfits for recommendation. CLIO extends 
this concept by introducing a weather-score metric that uses 
the temperature records to produce a ranked recommendation 
list. 

Everyday accounts of outfit planning point to recurring 
difficulties: uncertainty about whether a garment is 
appropriate for the day’s weather, difficulty recalling which 
items have been worn recently, and the cognitive load of 
combining garments into a coherent look. These findings 
directly motivate the two algorithmic features of CLIO: 
weather-score ranking addresses weather uncertainty, while 
consecutive-wear prevention addresses recent-use memory. 

C. Context-Aware and Weather-Aware Recommendation
Context-aware recommender systems incorporate

situational factors such as time, location, occasion, or weather 
into the recommendation process [11]. In the fashion domain, 
Chen et al. [3] proposed a model that conditions outfit 
generation on an occasion label (e.g., “formal,” “casual,” 
“sport”), demonstrating that occasion context substantially 
improves recommendation quality. Season has been used as 
a coarse weather proxy in several systems: items are tagged 
with a season attribute and filtered accordingly [12, 13]. 

Finer-grained weather signals have received less attention. 
Reviews of apparel recommendation systems show that 
weather-based fashion recommendation has typically 
operated at coarse category levels, mapping season or 
weather conditions (e.g., rainy or sunny) to broad garment 
types rather than ranking specific outfits from a personal 
wardrobe [14]. Generative models for full-body outfit 
synthesis and virtual try-on have also been explored [15]; 
however, such approaches produce new outfit visualizations 
rather than selecting from garments the user already owns. 

CLIO takes a retrieval-based approach that is simpler and 
better suited to everyday use: the weather score is computed 
as the sum of absolute differences between today’s 
temperature range and the temperature range recorded for 
each past outfit, and outfits are sorted by this score in 
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ascending order. The proposed method does not require a pre-
trained weather-garment mapping model; it instead uses the 
user’s own record of past wearing days, accumulated across 
seasons, as the basis for weather-based retrieval. 

D. Clothing Detection and Visual Similarity 
Accurate identification of individual garments within a 

full-body outfit image is a prerequisite for computing 
meaningful outfit similarity. Liu et al. [1] released the 
DeepFashion benchmark, which contains 289,222 annotated 
images spanning 50 clothing categories and 1,000 attributes, 
enabling the development of robust clothing recognition 
models. Subsequent datasets, including DeepFashion-
MultiModal [16], added pixel-level human parsing labels and 
rich textual descriptions, making them suitable for training 
segmentation-based detectors. 

Instance segmentation—which assigns a per-pixel mask to 
each detected object—is particularly well suited to clothing 
detection because it can separate overlapping garments and 
preserve shape information useful for subsequent analysis. 
He et al. [17] introduced Mask R-CNN, which extends Faster 
R-CNN [18] with a parallel mask prediction branch, 
achieving state-of-the-art instance segmentation accuracy on 
the Common Objects in Context (COCO) benchmark. 
Detectron2 [19], developed by Facebook AI Research, 
provides a production-quality implementation of Mask R-
CNN along with flexible configuration for fine-tuning on 
custom datasets. In CLIO, Detectron2 is used to train a 
clothing detector on a custom COCO-format dataset derived 
from DeepFashion-MultiModal, enabling extraction of five 
garment types from user-captured outfit photographs. 

For computing visual similarity between extracted clothing 
regions, deep convolutional feature representations have 
consistently outperformed hand-crafted descriptors [20].  
He et al. [21] showed that residual networks with skip 
connections (ResNets) achieve superior image classification 
accuracy and produce rich intermediate representations that 
transfer effectively to downstream tasks. ResNet50, with its 
50-layer residual architecture pre-trained on ImageNet [22], 
has become a standard backbone for fashion retrieval tasks [2, 
4]. In CLIO, the final pooling layer of ImageNet-pre-trained 
ResNet50 serves as a feature extractor for each cropped 
garment image, and cosine similarity between the resulting 
2048-dimensional vectors is used to identify garments that 
are the same or visually similar. 

The threshold choice for similarity-based retrieval is 
application-dependent. While tuning the prototype we 
observed that a threshold of 0.70 merged visually distinct 
garments, whereas 0.90 separated images of the same 
garment taken under different lighting, and we adopted 0.85 
on the basis of those observations. These were qualitative 
observations on a small number of garment pairs, not a 
systematic threshold study; Section V specifies the sensitivity 
analysis that would be needed to establish an appropriate 
value. Similarity was computed using deep feature 
representations, following the general approach adopted in 
clothing retrieval studies [4]. 

E. Summary and Research Gap 
Table 1 positions CLIO relative to the systems reviewed 

above across four key dimensions: recommendation from the 
personal wardrobe, fine-grained weather scoring—by which 
we mean matching against the daily temperature range rather 

than a coarse seasonal or occasion label—consecutive-wear 
prevention, and automated image capture. To the best of our 
knowledge, none of the systems reviewed above satisfies all 
four criteria. Outfit recommendation systems operate over 
external catalogs; wardrobe managers record history but do 
not recommend; weather-aware systems work at category or 
season granularity rather than with personal outfits; and 
visual-similarity systems focus on retrieval from large 
databases, not on personal repetition control. CLIO addresses 
all four dimensions in a unified, hardware-grounded 
prototype designed for everyday use. 

 
Table 1. Comparison of Related Systems (✓ = yes, ✗ = no) 

System Personal 
wardrobe 

Fine-grained 
weather 

Repeat-wear 
prevention 

Auto 
capture 

Han et al. [2] ✗ ✗ ✗ ✗ 
Cui et al. [5] ✗ ✗ ✗ ✗ 

Chen et al. [3] ✗ partial ✗ ✗ 
Guan et al. [14] ✗ partial ✗ ✗ 

Kosugi [10] ✓ records ✗ ✓ 
Digital wardrobe 

apps √ ✗ ✗ ✗ 

CLIO (proposed) ✓ ✓ ✓ ✓ 
 

III. MATERIALS AND METHODS 

A. Overview 
CLIO is designed around two principal use cases: 

registering a new outfit by taking a photograph at the time of 
wearing, and selecting and adopting a previously registered 
outfit from the recommendation list. In both cases, the system 
records the outfit together with the weather conditions of the 
day and updates the user’s wearing history. When the user 
requests a recommendation, CLIO scores all registered outfits 
with the weather score, applies the consecutive-wear filter to 
remove recently or similarly worn outfits, and presents a 
ranked list through a web interface. 

B. Hardware 
The capture subsystem consists of a Raspberry Pi4 Model 

B, a Raspberry Pi Camera Module 3, and a tactile push button. 
The user positions themselves in front of the camera and 
presses the button to trigger a full-body outfit photograph. 
The captured image is immediately transmitted to the 
application server over the local network. The use of 
dedicated hardware avoids the need for the user to manually 
photograph themselves with a smartphone, reducing friction 
and encouraging consistent daily use. 

C. Software Architecture 
 

 
Fig. 1. Architecture of the CLIO system. 

 
The server-side application is implemented as a Flask web 
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application. Fig. 1 illustrates the overall architecture. 
Upon receiving a new outfit image, the server performs the 

following steps automatically. 
(1) Clothing region extraction. The outfit image is 

processed by the trained Detectron2 model, which 
produces per-garment segmentation masks and category 
labels. Individual garment crops are stored alongside the 
full outfit image. 

(2) Feature extraction. For each garment crop, a 2048-
dimensional feature vector is extracted using pre-trained 
ResNet50. 

(3) Weather data retrieval. The Global Positioning 
System (GPS) coordinates transmitted by the Raspberry 
Pi are reverse-geocoded via the OpenStreetMap 
Nominatim Application Programming Interface (API) to 
obtain a place name, which is then used to retrieve the 
day’s minimum and maximum temperature from the 
Open-Meteo free weather API. 

(4) Data persistence. The outfit image, garment crops, 
feature vectors, adoption date, and weather record are 
saved in a JavaScript Object Notation (JSON) data file. 

(5) Consecutive-wear update. Cosine similarities between 
the new outfit’s garment features and all previously 
registered garments are computed. Outfits containing 
garments with similarity ≥ 0.85 are flagged for exclusion. 

When the user opens the recommendation page, the server 
loads all registered outfits, removes those currently flagged 
for exclusion, computes the weather score for each remaining 
outfit using the current day’s forecast, sorts the list by weather 
score in ascending order, and returns the ranked list to the 
web browser. Fig. 2 shows the resulting recommendation 
view. 

 

 
Fig. 2. Recommendation view of the CLIO web interface. 

 

D. Outfit Adoption Workflow 
If the user selects a previously registered outfit from the 

recommendation list and presses “Adopt,” the server records 
today as the adoption date for that outfit and runs the 
consecutive-wear update procedure (step 5 above) against the 
adopted outfit’s garment features. This ensures that the 
exclusion mechanism is applied whether the outfit was newly 
photographed or selected from the archive. 

If the user decides to wear an outfit that is not in the archive, 
they photograph it via the Raspberry Pi interface (use-case 1), 
and the new outfit enters the archive immediately. 

Weather Score 

CLIO recommends outfits that were worn in weather 
conditions similar to today’s, based on the intuition that if a 
garment combination was suitable on a day with a given 
temperature range, it is likely suitable on a day with a similar 
range. The suitability is quantified by the weather score: 

푆������� = �푇�����,��� − 푇����,����
+ �푇�����,��� − 푇����,���� 

 

where 푇�����,���  and 푇�����,���  are today’s minimum and 
maximum forecast temperatures (°C), and 푇����,���  and 
푇����,��� are the corresponding values recorded on the day 
the outfit was worn (or registered). A lower score indicates a 
closer temperature match

(1)

. 
Outfits are sorted by 푆�������  in ascending order before 

being presented to the user. This simple non-parametric 
metric requires no training data beyond the user’s own outfit 
records, makes no assumptions about garment type or 
material, and is directly interpretable. The metric uses both 
minimum and maximum temperature so that outfits recorded 
on days with a wide diurnal range are not over-matched to 
days with a narrow range at the same midpoint. 

Weather data is fetched from the Open-Meteo API [23], 
which provides hourly and daily temperature forecasts at any 
geographic coordinate free of charge. Location is obtained 
from the coordinate reported by the Raspberry Pi or, as a 
fallback, from a pre-configured default location. Reverse 
geocoding is handled by the OpenStreetMap Nominatim API 
[24]. The current implementation operationalizes climate 
awareness through the daily temperature range alone. 
Precipitation, humidity, and wind speed are available from 
the same API but do not enter the weather score; Section V 
sets out how the score generalizes to include them. 

E. Consecutive-Wear Prevention 

1)  Clothing region extraction 
Identifying individual garments within an outfit 

photograph requires separating overlapping clothing items 
with pixel-level precision. We use instance segmentation 
rather than bounding-box detection because garments 
frequently occlude each other (e.g., a jacket partially covering 
a shirt), and bounding boxes from different items would 
substantially overlap. Mask R-CNN [17], implemented via 
Detectron2 [19], is fine-tuned on a custom dataset to detect 
five garment categories: outer layer, tops, trousers, skirts, and 
one-piece garments. 

Dataset preparation. Training images are selected from 
DeepFashion-MultiModal [16], a large-scale dataset 
containing 44,096 high-resolution human images with 24-
class human parsing annotations. We selected a subset of 
images in which the garments are clearly visible and 
representative of everyday wear. Because the existing parsing 
annotations in DeepFashion-MultiModal define fine-grained 
body part regions that do not correspond to our five garment-
level categories, we created new instance-level annotations 
using COCO-Annotator [25]. Each garment region was 
manually outlined as a polygon mask and assigned one of the 
five category labels. The resulting annotations were exported 
as COCO-format JSON files for use with Detectron2. 

Model training. The base model is a Mask R-CNN with a 
ResNet-50 + Feature Pyramid Network (FPN) backbone pre-
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trained on the COCO dataset, loaded from the Detectron2 
model zoo. The custom clothing dataset is registered with 
Detectron2 and the model is fine-tuned by adjusting the 
number of output classes to five and training for a fixed 
number of iterations using stochastic gradient descent (SGD) 
with the default learning-rate schedule. After training, the 

model is used to create a predictor that is integrated into the 
CLIO server pipeline. 

An example detection result is shown in Fig. 3, where the 
tops and trousers of a full-body outfit image are segmented as 
distinct instances. 

(a) Input outfit image  (b) Extracted garment regions (left: tops, right: pants) 
Fig. 3. Clothing region extraction by Detectron2. (a) Input full-body outfit image. (b) Individual garment crops for ResNet50 feature extraction. 

2) Feature extraction and similarity computation
Each extracted garment crop is resized and normalized,

then passed through ImageNet-pre-trained ResNet50 [21] 
with the final fully connected layer removed. The output of 
the global average pooling layer is used as a 2048-
dimensional feature vector that encodes color, texture, and 
shape information of the garment. Using an ImageNet-pre-
trained network as a fixed feature extractor, rather than 
learning a representation from scratch, allows the system to 
operate from a small number of outfit photographs. 

Cosine similarity between feature vectors 퐟�  and 퐟�  is 
computed as: 

sim(퐟�, 퐟�) =
퐟� ⋅ 퐟�

‖퐟�‖ ‖퐟�‖  

Cosine similarity is chosen because it is insensitive to 
vector magnitude, which varies with garment size in the 
image, and because it captures directional agreement in the 
feature space, which correlates with perceptual visua

(2)

l 
similarity [20]. 
3) Threshold selection and exclusion logic

If the cosine similarity between a garment worn today and
any garment in a registered outfit reaches or exceeds the 
threshold 휃, the outfit is flagged for exclusion and removed 
from the recommendation list for the next ∆푡 days. On the 
basis of qualitative observations made during prototype 
development, 휃 = 0.85 was selected: 
● At 휃 = 0.70, visually distinct garments (different tops of

a similar neutral color) were incorrectly matched, leading
to over-exclusion of valid outfits.

● At 휃 = 0.90 , the same garment photographed under
different lighting conditions or from a slightly different
angle was sometimes classified as a different item,
leading to missed exclusions.

● At 휃 = 0.85, neither failure mode was observed in the
small set of garment pairs examined during development.

The exclusion window is set to ∆푡 =  4 days, reflecting a 
conventional guideline that wearing the same garment within 
four consecutive days is considered repetitive in typical 

everyday contexts. Both 휃  and ∆푡  are configurable 
parameters in the system. 

The three threshold values above were compared 
informally on a small number of garment pairs during 
development; they are qualitative observations rather than the 
result of a systematic sweep, and we report them as such. The 
value should be read as a provisional operating point for the 
prototype rather than as an empirically optimal threshold. The 
four-day exclusion window was likewise chosen by 
convention rather than by measurement. The window 
interacts with the size of the archive: because every excluded 
outfit is removed from the candidate list, a long window 
applied to a small archive can leave few or no candidates, 
whereas a short window permits the repetition that the 
mechanism exists to prevent. Section V specifies the 
sensitivity analysis needed to choose both parameters on an 
empirical basis. 

Fig. 4 illustrates the complete consecutive-wear prevention 
pipeline from outfit capture to exclusion. 

Fig. 4. Consecutive-wear prevention pipeline. 

IV. PROOF-OF-CONCEPT DEPLOYMENT

This section reports a proof-of-concept deployment carried 
out to confirm that the two core features of CLIO—weather-
score ranking and consecutive-wear prevention—run as 
intended in real daily use. It is a functional check of the 
implementation. It is not an evaluation of recommendation 
quality: the observations recorded below form a narrative 
usage log, and no quantity reported here should be read as a 
performance figure. 
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A. Setup
The deployment was conducted by the first author alone

over fifteen consecutive days in December 2025. During the 
first ten days (December 3–12), the author photographed one 
outfit per day using the Raspberry Pi hardware, building an 
initial archive of ten registered outfits. During the subsequent 
five days (December 13–17), the author used CLIO each 
morning, received the top-ranked outfit suggestion, and 
recorded (i) whether the suggestion was adopted, (ii) the 
primary reason for adoption or rejection, and (iii) any 
alternative action taken. 

The deployment period falls in winter in the Kyushu region 
of Japan. Weather conditions over the five trial days included 
one rainy day, three overcast days, and one clear day. Daily 
maximum temperatures ranged from 11.1 °C to 15.8 °C and 
daily minimum temperatures from 4.7 °C to 9.3 °C, a spread 
sufficient to produce meaningful variation in weather scores 
across the registered outfits. 

B. Record of the Deployment
Table 2 summarizes the outcome of each day.

Table 2. Day-by-day record of the deployment (single user, five 
consecutive days) 

Day Date Outcome Primary Reason 

1 Dec. 13 Adopted Weather match; suited to 
preference 

2 Dec. 14 Adopted Weather match; suited to 
preference 

3 Dec. 15 Not Adopted Preference mismatch; used 
list as reference 

4 Dec. 16 Not Adopted Preference mismatch; new 
outfit registered 

5 Dec. 17 Adopted Weather match; appropriate 
for casual outing 

On three of the five days the top-ranked suggestion was 
worn as proposed. This is a narrative record of five days of 
use by one person; it is not an adoption rate and should not be 
read as one. On the three adopted days, the author noted that 
the top-ranked outfit felt appropriate for the day’s 
temperature, which is consistent with the weather score 
having surfaced outfits registered under similar conditions, 
although one user’s impression cannot establish that it did so 
reliably. On the two non-adopted days, the stated reason was 
a subjective preference mismatch: the proposed outfit was 
judged weather-appropriate but did not match the author’s 
mood or intended social context. On December 15, the author 
did not adopt any single outfit but used the ranked list as a 
visual reference while assembling a new combination, which 
was then registered in the archive. 

Regarding consecutive-wear prevention, no garment that 
had been worn during the registration phase reappeared in the 
recommendation list during the verification phase, and the 
author did not observe any outfit being incorrectly excluded 
due to false-positive similarity matches. These observations 
suggest that the 휃 = 0.85  threshold produced no visible 
failure in an archive of this size. With so few garments, and 
with no ground-truth labelling of which garments are in fact 
the same, this is an absence of observed errors rather than 
evidence of correctness. 

C. Discussion
These observations carry no evidential weight beyond the

fact that the system ran. Five days of use by a single evaluator 
who is also the system’s developer cannot establish 
effectiveness or generalizability, and we make no such claim. 
What the deployment does establish is narrower and, for a 
proof of concept, sufficient: the pipeline executed end-to-end 
under real conditions, the weather score ordered the archive 
by temperature match as specified, and the consecutive-wear 
filter removed recently worn outfits without producing an 
exclusion that the user judged incorrect. 

The preference mismatch observed on two days points to 
the most significant gap in the current system: the weather 
score captures temperature suitability but not personal taste, 
social context, or daily mood. Addressing this gap through 
preference modeling based on adoption history is the most 
direct path to improving recommendation quality in future 
work. 

D. Threats to Validity
Several factors limit what can be inferred from the

deployment, and we state them plainly. The evaluator was the 
system’s developer, so confirmation bias cannot be excluded 
from the recorded judgments. The deployment covers five 
days, one person, a single winter month, and one geographic 
location, so nothing about other seasons, climates, or users 
follows from it. The candidate archive was small, which 
makes the ranking task easier than it would be for a full 
wardrobe. No baseline was run, so the record cannot be 
compared against random selection, most-recently-worn 
selection, or an existing wardrobe application. The judgments 
of adoption and rejection were self-reported and unblinded. 
These are not incidental weaknesses that a larger version of 
the same trial would remove; they are the reason the present 
work is reported as a proof of concept, and the reason Section 
V specifies a different study design. 

V. LIMITATIONS AND FUTURE EVALUATION

The present work includes no user evaluation. The 
deployment involved one user over five days and was carried 
out by the system’s developer, which cannot support any 
inference about effectiveness or generalizability. The 
verification is qualitative in nature, and the reported outcomes 
reflect the judgment of a single evaluator who is also the 
system developer. Multi-user studies over longer periods are 
needed to assess generalizability. 

The current study includes no baseline comparison. The 
verification does not compare CLIO against any baseline 
strategy, such as random outfit selection, most-recently-worn 
selection, or an existing wardrobe application. The day-by-
day record is therefore descriptive rather than comparative, 
and no claim of relative improvement over any alternative 
approach can be made from it. 

The current system does not include a preference model. 
CLIO ranks outfits purely by weather suitability. Aesthetic 
preferences, social context, and daily mood are not captured, 
which is consistent with the reasons recorded on the two days 
when the suggestion was not worn. 

Segmentation accuracy has not been measured. The 
custom Detectron2 model was trained on a relatively small 
annotated subset of DeepFashion-MultiModal, and we report 
no detection or mask accuracy for it: no held-out test split was 
evaluated, so no average-precision figure is available. In 
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cases where the outfit image is poorly lit, the garments 
partially overlap, or an unseen garment type is present, the 
detector may produce inaccurate segmentation masks. This 
can degrade the quality of extracted feature vectors and 
therefore the reliability of the similarity-based exclusion. 

The threshold and exclusion window are fixed and were 
never swept. The cosine similarity threshold (0.85) and the 
exclusion window (4 days) are global constants, chosen from 
qualitative observation and from convention respectively 
rather than from a sensitivity analysis. Different garment 
types (e.g., solid-color T-shirts versus patterned jackets) and 
different users may require different threshold values for 
optimal performance. 

The weather model considers only temperature. The 
weather score uses only the daily minimum and maximum 
temperature. Other factors relevant to outfit choice—
precipitation, wind speed, and humidity—are retrieved from 
the API but are not used in the score. The score generalizes 
to a weighted sum in which the two temperature differences 
are joined by terms for precipitation, humidity, and wind, 
each carrying its own weight; the current implementation is 
the special case in which the two temperature weights are one 
and the remaining weights are zero. We did not activate the 
additional terms, because there is no basis on which to 
calibrate their weights: doing so requires labelled preference 
data that the present work does not have, and assigning 
weights arbitrarily would produce a ranking whose behaviour 
we could not account for. 

Establishing effectiveness and generalizability requires a 
controlled study that the present work does not attempt, and 
we state its design here so that the claim boundary of this 
paper is explicit. Such a study should recruit participants 
independent of the development team—on the order of 
twenty, each using their own wardrobe—and should run for 
at least four weeks, so that the archive reaches a realistic size 
and the exclusion window is exercised repeatedly. Each 
participant should be exposed, within subjects, to CLIO’s 
ranking and to three baselines: a random ordering of the 
archive, a most-recently-worn ordering, and unassisted 
selection, with an existing wardrobe-management application 
included where its interface permits a matched task. 
Appropriate outcome measures are the rate at which the top-
ranked outfit is worn, the rate at which the worn outfit appears 
among the top three, the normalized discounted cumulative 
gain of the ranking against what the participant actually wore, 
the mean interval between repeat wearings of a garment, the 
proportion of the wardrobe worn at least once over the study 
period, and a standard usability instrument for the decision 
burden the system is intended to reduce. The analysis plan 
should be fixed before data collection, and outcomes should 
be recorded by someone other than the system’s developers. 

The perception components require measurement of their 
own, which the present work also does not provide. The 
clothing detector should be evaluated on a held-out split of 
the custom annotations, reporting mask average precision 
overall and for each garment category, with results broken out 
by the conditions under which the system is actually used: 
low light, garments that occlude one another, and patterned 
as opposed to plain fabrics. The similarity component should 
be evaluated separately from the detector, on a set of garment 
crops labelled as depicting the same garment or different 

garments, reporting the distribution of cosine similarities for 
the two classes and the precision and recall that follow as the 
threshold is swept from 0.60 to 0.95; this determines whether 
0.85 is an appropriate operating point and whether a single 
global threshold is adequate across garment types. The 
exclusion window should be swept jointly, from one day to 
roughly two weeks, reporting both the repetition it prevents 
and the proportion of the archive it renders unavailable, since 
these move in opposite directions and the appropriate setting 
depends on wardrobe size. 

Extending the model beyond temperature depends on that 
study rather than preceding it. Once adoption and rejection 
have been recorded across a population of users, the weights 
of the generalized weather score can be fitted rather than 
assumed, and the same feedback supports a preference model: 
adoption and rejection can be treated as implicit pairwise 
judgments and used to learn a re-ranking over features 
combining the weather score, the interval since a garment was 
last worn, garment category, and colour, falling back to the 
weather score alone while a new user’s history remains short. 
Contextual variables can be introduced along the same path—
occasion inferred from a calendar, expected time spent 
outdoors, and the social setting of the day—each 
straightforward to retrieve, but none of which can be 
weighted responsibly without the preference data such a 
study would produce. 

VI. CONCLUSION 
This paper presented CLIO, a Climate-aware and Legacy-

based Intelligent Outfit Recommendation System that 
recommends outfits from the user’s personal wardrobe by 
matching today’s temperature range to the temperature range 
of past wearing days and by preventing repeated wearing of 
visually similar garments. The system integrates Raspberry 
Pi-based automatic outfit capture, Detectron2 instance 
segmentation for clothing extraction, and ResNet50-based 
cosine similarity for repetition detection. A five-day 
deployment with a single user confirmed that the pipeline 
runs end-to-end under real daily-use conditions. We report 
this as a proof of concept and make no claim about the 
effectiveness of the recommendations: establishing that 
would require a controlled study with independent 
participants and baselines, together with quantitative 
evaluation of the detection and similarity components, and 
Section V sets out the protocol for both. Preference modelling 
from adoption feedback, and the incorporation of 
precipitation, humidity, and wind into the score, would both 
require the data that such a study would produce. 
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