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Post-harvest food loss is substantial, and a large share of it occurs at the retail and consumer stages. Deep learning can
estimate fruit ripeness from photographs, but existing models treat ripening as though it proceeds at a fixed rate, ignoring its
well-established dependence on storage conditions. This study quantifies how much predictive accuracy a convolutional neural
network gains from being told a fruit’s storage condition alongside its image, and isolates which aspect of that condition carries
the gain. Using a public dataset of 14,710 photographs of 478 individually tracked ‘Hass’ avocados stored under refrigerated,
ambient, and warm conditions and photographed daily until the end of shelf-life, we derived measured days-remaining labels
and trained ResNet-18 regression models across eight input configurations under repeated grouped cross-validation. Data were
split at the level of individual fruit to prevent leakage; predictions were aggregated per fruit and confidence intervals obtained by
bootstrapping fruit rather than photographs. Supplying storage condition reduced fruit-weighted mean absolute error from 1.66
to 1.13 days, a 32% improvement (95% CI [0.46, 0.61] days, excluding zero). Zero-valued and permuted-environment controls
with identical network capacity produced no improvement, showing the gain reflects genuine environmental information rather
than added model parameters. A continuous temperature value did not outperform a three-level categorical storage indicator,
so across these three regimes the improvement is attributable to storage condition rather than to temperature as a continuous
physical variable. Photographs reveal a fruit’s state; knowing its storage condition reveals how fast that state is changing.

Keywords: Deep Learning, Convolutional Neural Networks, Transfer Learning, Multi-Modal Fusion, Ablation Study,
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Introduction such as ResNet*, VGG and MobileNet. Reported accuracies
on curated datasets are frequently high, commonly falling be-
tween 80% and 100%, and comparable results have been ob-
tained with classical feature-based approaches for individual

Background and Context

Reducing post-harvest loss is one of the more tractable levers
available for improving food system efficiency. Losses accu-
mulate across the supply chain, but a substantial share occurs
at the retail and consumer stages, where fruit is discarded ei-
ther because it has spoiled unnoticed or because it is thrown
away pre-emptively when its condition is uncertain. A con-
sumer holding an avocado has no reliable way to answer a
simple and consequential question: how many days remain be-
fore this fruit reaches, and then passes, its peak? Computer vi-
sion offers a plausible route to answering that question from a
single photograph. Since deep convolutional neural networks
(CNNs) demonstrated their capability on large-scale image
classification -2, they have been applied extensively to agri-
cultural produce. A recent survey of the field®> documents a
large and rapidly growing body of work on fruit ripeness clas-
sification, and concludes that pretrained-and-finetuned deep
models are the most promising approach; the architectures
it reviews are predominantly ImageNet-pretrained backbones
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species — 97.75% for banana ripeness using hand-engineered
colour, spot and texture features®. That maturity is itself a
problem for new work. Discrete ripeness-stage classification
— sorting an image into “unripe,” “ripe,” or “overripe” — is
close to saturated, and a further demonstration of it adds lit-
tle. Several groups have accordingly moved to the harder and
more useful framing of estimating time remaining rather than
current category. Davur et al. trained a spectral-spatial resid-
ual network on 551 hyperspectral images of 80 Hass avoca-
dos and predicted days-to-ripeness with a mean error of 1.17
days®. Jada et al. compared classification against regression
for banana shelf-life using MobileNetV2 on ordinary RGB im-
ages and reported a regression mean absolute error (MAE) of
1.44 days’.

Problem Statement and Rationale

A limitation runs through this regression literature. These
models take an image as their sole input and, in doing so, im-
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plicitly assume that ripening advances at a fixed rate. Post-
harvest science says otherwise, and has said so for decades.
Chen and Ramaswamy showed that colour and texture change
in ripening fruit follows kinetics whose rate constants are well
described by the Arrhenius equation, meaning ripening rate
varies systematically and steeply with temperature®.

The same temperature dependence is documented specifi-
cally for avocado: respiration rises with temperature across
the physiological range®; firmness and colour have been mod-
elled with Arrhenius rate constants fitted across multiple stor-
age temperatures'%!!; and the daily ripening rate itself in-
creases with storage temperature'?. An image captures a
fruit’s present condition; it does not, on its face, disclose the
thermal environment that will govern how quickly that condi-
tion changes.

The obvious remedy is to give the model temperature in-
formation as well. Multi-modal fusion is itself well estab-
lished : Liu et al. fused colour imaging with visible/near-
infrared spectroscopy and haptic firmness for tomato matu-
rity, improving accuracy from 94.2% using imaging alone
to 99.4% when fused'*. Yang et al. combined RGB im-
ages with greenhouse time-series environmental data through
a late-fusion architecture to predict optimal melon harvest
date 3.

Smartphone imaging has likewise been combined with mul-
tiple ripening temperatures to estimate banana quality in-
dices, although through hand-crafted colour features rather
than learned representations ',

A gap runs through this fusion literature. These studies re-
port that a fused model outperforms a single-modality one,
but the modalities being compared usually differ in more than
one input at once, and the environmental branch adds param-
eters as well as information — so a fused model may improve
partly because it is simply larger. As a result, how much the
environmental context contributes on its own, and which en-
vironmental variable carries that contribution, has not to our
knowledge been isolated in a controlled ablation on a days-
remaining target.

When a fruit’s storage condition can be summarised by its
temperature, its humidity, or simply a label of which regime
it was kept in, these are usually bundled into one input vector,
leaving open which of them the model actually exploits.

That distinction matters both scientifically and practically.
Scientifically, attributing a gain to “temperature” implies the
model has learned the physical temperature-dependence of
ripening, whereas a categorical label of the storage regime
would imply only that it has learned to distinguish a few dis-
crete conditions.

Practically, if the environmental context contributes little
beyond what appearance already reveals, a photograph-only
application is sufficient and simpler; if it contributes substan-
tially, a deployed system must capture it, and how it must cap-

ture it — a precise temperature or merely a category — deter-
mines the engineering.

Significance and Purpose

This study measures that contribution directly. We use a
dataset uniquely suited to the question: 478 individual ‘Hass’
avocados, each tracked and photographed daily from three
days post-harvest until the end of its shelf-life, distributed
across three controlled storage environments'’. Because
each fruit is followed individually with timestamps, the days-
remaining label is measured rather than assumed — a mean-
ingful methodological improvement over prior RGB work,
which derived day labels from stage class names under a
temperature-blind constant”.

The three storage groups are genuine experimental treat-
ments, though only two of them have fully documented en-
vironmental conditions — a limitation addressed directly in
the Methods and in a dedicated sensitivity analysis.

Objectives

1. Establish non-learned baselines that any learned model
must beat, and measure how much storage condition
alone predicts without any image.

2. Compare eight input configurations under identical fruit
folds and an identical image branch, including zero-
valued and permuted-environment controls, to isolate the
marginal contribution of the environmental channel from
the capacity its branch adds.

3. Determine whether that contribution is carried by a con-
tinuous temperature value or merely by a categorical in-
dicator of the storage regime.

4. Determine whether appearance alone already encodes
storage condition, by training a separate classifier to pre-
dict storage group from images, and use the result to in-
terpret the per-group pattern.

5. Test how sensitive the result is to the one storage condi-
tion whose temperature was not precisely recorded.

Scope and Limitations

The study is confined to a single cultivar (‘Hass’ avocado)
and a single dataset collected under laboratory-controlled stor-
age. We predict days until the documented end of shelf-life,
not consumer preference or internal quality attributes such
as firmness or oil content. Development of any consumer-
facing application is outside this scope. Limitations arising
from right-censoring, incomplete environmental documenta-
tion, and class imbalance are addressed in the Discussion.
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Methods
Dataset

We used the publicly available ‘Hass’ Avocado Ripening Pho-
tographic Dataset, released under a Creative Commons Attri-
bution 4.0 licence !7. It comprises 14,710 labelled JPEG pho-
tographs at 800 x 800 pixels of 478 Hass avocados (Persea
americana Mill. cv Hass), acquired three days post-harvest.

Fruit were allocated to three storage groups: T10 (10 °C,
85% relative humidity), T20 (20 °C, 85% RH), and Tamb
(ambient laboratory conditions). Each fruit was photographed
daily, twice per session from opposite sides, and each photo-
graph was assigned a stage on a five-point Ripening Index: 1
Underripe, 2 Breaking, 3 Ripe (First Stage), 4 Ripe (Second
Stage), S Overripe. Stage 4 is documented as marking the end
of shelf-life. An accompanying spreadsheet records, for every
photograph, its filename, fruit identifier, storage group, ripen-
ing stage, day relative to experiment start, and which side of
the fruit was imaged.

The dataset’s originating study used it for stage classifica-
tion, reporting 88.8% accuracy with transfer-learned AlexNet
and ResNet-18!8. It has not previously been used for days-
remaining regression, nor to isolate the contribution of the
storage variable.

Target Derivation

For each fruit i, we located the first observation day at which
it reached stage 4 or beyond, denoting this D, ;. For a pho-
tograph of fruit i taken on day d, the regression target is

Y= Depai— d

Two exclusions follow from this definition, both reported
transparently rather than concealed.

Right-censoring. Fruit that never reached stage 4 within
the observation window have no defined D,,; and were ex-
cluded; assigning them an imputed value would have fabri-
cated labels. Of 478 fruit, 401 (83.9%) reached stage 4 and
were retained. Censoring rates differed by storage group (Ta-
ble 1), and this asymmetry is addressed in the Discussion and
in a dedicated sensitivity analysis.

Post-peak images. Photographs taken after D,,,; have neg-
ative days-remaining. Because “days until peak” is undefined
once peak has passed, these were removed.

After both exclusions, 8,428 images from 401 fruit re-
mained.

Refrigerated fruit survived 2.4 times longer than fruit at 20
°C (Table 2, Figure 1), confirming that the storage treatment
produced a large and measurable difference in ripening rate
— the premise on which the study rests. T20 and Tamb pro-
duced closely similar shelf-lives (6.77 and 6.34 days), consis-

Table 1 Right-Censoring by Storage Group

Group Total Reached Censored Censored
Fruit Stage 4 (%)
T10 192 166 26 13.5
T20 143 130 13 9.1
Tamb 143 105 38 26.6
Total 478 401 77 16.1

tent with ambient laboratory temperature having been near 20
°C.

Data Splitting

Each avocado contributes roughly twenty photographs across
its observation period. Splitting at the image level would place
photographs of the same physical fruit into both training and
test partitions, allowing a model to score well by recognis-
ing individual fruit rather than by learning ripeness. All splits
were therefore performed at the level of fruit identity.

Rather than a single fixed partition, we used repeated
grouped cross-validation so that every fruit is tested exactly
once per repeat and the estimate does not depend on one arbi-
trary split. The 401 retained fruit were divided into five folds
stratified by storage group; within each fold assignment one
fold served as the test set, the next as validation, and the re-
maining three as training, giving a 60 / 20 / 20 division. This
was repeated twice with different fold assignments, yielding
ten train/validation/test configurations. A programmatic asser-
tion verified after every split that no fruit identifier appeared
in more than one partition, and that the fold assignments were
computed once and shared identically across every model con-
figuration, so that configurations differ only in their input and
never in which fruit they are tested on. We also confirmed
that the distribution of shelf-life within each storage group
was balanced across the training, validation and test partitions
of every fold, so that no partition was enriched for faster- or
slower-ripening fruit; per-group, per-partition shelf-life sum-
maries are reported in the supplementary material. The vali-
dation partition drove early stopping, learning-rate scheduling
and best-checkpoint selection; the test partition was evaluated
once per fold.

Because the fold assignments were fixed before any group
filtering, configurations restricted to a subset of storage groups
(below) see exactly the corresponding subset of the shared par-
titions rather than a fresh split.

Pre-processing and Augmentation

Source images were resampled once to 384 x 384 pixels us-
ing Lanczos filtering and re-encoded at JPEG quality 95, then
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Table 2 Measured Shelf-Life and Target Distribution by Storage Group

Group Fruit Shelf-Life (d), Mean + SD Range Images Share (%) Target (d), Mean + SD
T10 166 16.10 + 2.57 5-20 5,342 63.4 7.75 £ 4.93
T20 130 6.77 + 1.16 4-9 1,754 20.8 2.98 + 2.09
Tamb 105 6.34 +0.93 4-8 1,332 15.8 2.74 + 191

Target distribution by storage group

Total shelf-life per fruit, by storage group
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Figure. 1 Distribution of the derived regression target and of total measured shelf-life, separated by storage group. Left: days-remaining
targets across all retained images. Right: total shelf-life per individual fruit. The separation between the refrigerated group and the two room-
temperature groups establishes that the storage treatment produced a large difference in ripening rate, while T20 and Tamb overlap substantially.

cached to local storage. This was an input-pipeline optimisa-
tion rather than a modelling decision: both training and eval-
uation transforms reduce images to 224 x 224 regardless, so
caching at 384 px performs most of that reduction once instead
of repeating it every epoch. Measured mean pixel difference at
224 px between the cached and original pipelines was 0.83%
(PSNR 39.2 dB).

Training images were augmented, each transform applied
with probability 0.5 except the crop, which was always ap-
plied: random resized cropping to 224 x 224 (scale 0.85-1.0,
bilinear interpolation), random horizontal and vertical flips,
random rotation up to 20°, and random brightness, contrast
and saturation jitter (each & 0.15, saturation + 0.10) 19 Hue
jitter was deliberately excluded, since colour is the primary vi-
sual ripeness signal and perturbing it would corrupt the label
relationship '°. Normalisation with ImageNet channel statis-
tics? was applied after augmentation. Validation and test im-
ages were resized so that the shorter side was 255 pixels (bilin-
ear) and centre-cropped to 224 x 224, with no augmentation.
All resampling used bilinear interpolation.

Environmental Encoding

T10 and T20 conditions are documented precisely (10 °C and
20 °C, both at 85% relative humidity). Ambient conditions are
not. The originating study reports that the room-temperature

group experienced “natural daily oscillations in temperature
that ranged between 15.8 °C and 21.7 °C, with an average of
18.7 °C and a standard deviation of 1.2 °C,” and states explic-
itly that “due to technical difficulties, it was not possible to
track the RH of this environment” '8,

Ambient temperature is therefore set to the reported mean
of 18.7 °C rather than assumed, and its sensitivity to misspeci-
fication is tested by sweeping the value across the full reported
15.8-21.7 °C range. No humidity value is imputed for the
ambient group. Configurations that use relative humidity are
restricted to T10 and T20, where it was actually recorded; the
encoder raises an error rather than substituting a value if hu-
midity is requested for a group lacking it.

Because temperature, humidity and storage-group identity
are mutually collinear across only three treatment groups, the
environmental input is not supplied as a single fixed vector.
Channels are selected per configuration so their contributions
can be separated (Table 5).

Model Architecture

All configurations share a common late-fusion design so that
they differ in input only, not in architectural family:

« Image branch: ResNet-18%, ImageNet-pretrained?,
fully fine-tuned, final classification layer replaced by an
identity mapping to yield a 512-dimensional embedding.
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This branch is present and identical in every configura-
tion.

* Environment branch: a two-layer multilayer percep-
tron with ReLU activations, taking whichever environ-
mental channels the configuration supplies. Its input
width varies with the configuration; its hidden width (32)
does not.

* Fusion head: concatenated features passed through
dropout (p = 0.2), a 128-unit fully connected layer with
ReLU, further dropout, and a single linear output produc-
ing a scalar prediction in days.

The submitted version of this work compared only three
configurations and, in doing so, supplied the environment as
a single five-element vector combining standardised tempera-
ture, standardised humidity and a three-element storage-group
one-hot. With only three storage groups these channels are
mutually collinear — the one-hot alone already identifies the
treatment — so removing the whole vector at once cannot re-
veal which channel carries any gain. To separate them, eight
configurations were evaluated on identical fruit folds with an
identical image branch (Table 3):

Two of these are controls rather than models of interest.
image_zero_env carries the same environmental branch and
parameter count as the full model but with every environmen-
tal value set to zero; image _shuf_env carries valid environmen-
tal values permuted across fruit, so the branch receives infor-
mation of the right type but wrong for each fruit. Any im-
provement these controls show over image_only is attributable
to the added parameters, not to environmental information —
the distinction the submitted version could not make. The
image_rh and image_temp_rh configurations are restricted to
the T10 and T20 groups, the only groups for which humidity
was recorded.

Training

Models were implemented in PyTorch? and trained with the

AdamW optimiser?! (learning rate 2 x 10~*, weight decay
1x 10’4), batch size 64, for a maximum of 30 epochs with
early stopping on validation MAE (patience 6) and learning-
rate reduction on plateau. Huber loss (6 = 2.0) was used
rather than squared error, for robustness to the long tail of
very-underripe fruit. Mixed-precision training was enabled.
Weights from the best validation epoch were retained for test
evaluation. The learning rate and the Huber & follow stan-
dard practice for this architecture and were fixed in advance
rather than tuned on the evaluation folds; because every re-
ported comparison is between configurations trained under
these identical settings, the attribution result is robust to their
exact values — a change would shift all configurations to-
gether.

Each of the eight configurations was trained on all ten cross-
validation folds at a fixed random seed, for eighty training
runs in total. Random seeds address a different source of vari-
ability from the cross-validation folds: the folds measure how
the result varies across fruit, whereas the seed measures how
it varies across training runs of the same data. To confirm
that training was stable across initialisations, the two reference
configurations — image_only and image_env_full — were ad-
ditionally trained under two further seeds (123, 456).

Evaluation Metrics

Fruit-weighted error. The submitted version reported MAE
over images, which over-weights long-lived fruit because they
contribute more daily photographs — the refrigerated group
alone supplies 63% of the retained images. Because the bi-
ologically independent unit is the fruit, not the photograph,
the primary metric is a fruit-weighted MAE: mean absolute
error is computed per fruit and then averaged across fruit, so
every avocado counts equally regardless of how many times it
was photographed. Image-weighted MAE is also reported for
comparability with prior work.

Confidence intervals by bootstrapping fruit. For each
configuration we report the paired improvement over the
image-only baseline — the per-fruit difference in MAE —
with a 95% confidence interval obtained by bootstrapping over
fruit (10,000 resamples), not over photographs. Resampling
photographs would treat the roughly twenty images of one av-
ocado as twenty independent observations and produce a spu-
riously narrow interval. An interval that excludes zero indi-
cates the configuration improves on image-only beyond fruit-
to-fruit variability.

Per group. Fruit-weighted MAE computed separately for
each storage group.

Normalised MAE (nMAE). Per-group MAE divided by
that group’s mean shelf-life. Because T10 fruit live approx-
imately 2.4 times longer than T20 fruit, raw MAE is not com-
parable across groups; nMAE expresses error as a fraction of
the fruit’s total lifespan.

Baselines

Two non-learned baselines were fitted on each training fold
and evaluated on the held-out fold, on identical footing with
the models:

1. Constant — predict the training-fold median days-
remaining for every image.

2. Group median — predict each storage group’s training-
fold median. This is the value obtainable from storage
condition alone, with no image, and is the value image-
only must beat to show that appearance contributes be-
yond knowledge of storage condition.
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Table 3 The eight input configurations evaluated in the ablation. All share an identical image branch and identical fruit folds, differing only
in the environmental input supplied to the fusion head; image_zero_env and image_shuf_env are controls that carry the environment branch’s

parameters without usable information.

Configuration Environmental input

Question addressed

image_only none

image_zero_env all channels, values zeroed
image_shuf_env all channels, permuted across fruit
image_temp continuous temperature
image_grouplhot storage-group one-hot

relative humidity (T10, T20)

temperature + humidity (T10, T20)

image_rh
image_temp_rh

image_env_full

temperature + storage-group one-hot

Can appearance alone predict days remaining?

Does the environment MLP’s extra capacity alone help?
Does the branch help without valid information?

Does temperature add to vision?

Does categorical storage identity add to vision?

Does humidity add to vision?

Do the recorded physical variables together add?

Does the fullest defensible environment help?

Experiment 2: Can Appearance Reveal Storage Tempera-
ture?

To interpret the ablation, we trained a separate ResNet-18 clas-
sifier to predict storage group from images alone. High accu-
racy would indicate that visual features already encode ther-
mal history, rendering an explicit temperature channel largely
redundant; low accuracy would indicate the channel supplies
genuinely new information.

Because the retained dataset is imbalanced (63.4% T10),
this experiment was run twice: once with standard cross-
entropy, and once with inverse-frequency class weighting,
we = N/(C - n.), to separate genuine visual ambiguity from
majority-class bias.

Sensitivity Analysis

The ambient group’s temperature enters the model as a single
assumed value (18.7 °C) standing in for a quantity that actu-
ally fluctuated between 15.8 and 21.7 °C. To test how much
this assumption affects the result, the temperature configura-
tion was re-trained five times with the ambient value set to
each of five points spanning that full range, everything else
held fixed. If the prediction were sensitive to the assumption,
error would change materially across the sweep.

Hardware and Reproducibility

All experiments were conducted on an NVIDIA T4 GPU
using PyTorch?’. The eight-configuration ablation across
ten folds, the ambient-temperature sweep, and the storage-
condition classifier together required roughly seventy GPU-
hours. Random seeds were fixed for splitting and training.
Every prediction was written to a single canonical file from
which all tables and figures are derived, so that no reported
count can disagree with another; that file, the derived ta-
bles, per-run training histories and model checkpoints were

retained.

Results

Baselines

The four rows of Table 4 establish the paper’s premise directly.
Knowing only the storage condition, with no image at all, al-
ready improves on a constant predictor (2.711 vs 3.309 days),
so storage condition carries genuine signal on its own. But
appearance carries more: the image-only model (1.658 days)
comfortably beats the storage-only baseline. Neither is suffi-
cient alone — combining them reaches 1.126 days, better than
either. Appearance and storage condition are complementary
sources of information, which is precisely why supplying both
matters.

Main Ablation

Supplying storage condition reduced fruit-weighted MAE
from 1.658 to 1.126 days, a 32% improvement, with a con-
fidence interval [0.462, 0.605] days that comfortably excludes
zero (Table 5, Figure 2a). Three findings follow, each address-
ing a specific concern about the submitted version.

The gain is information, not capacity. The two controls
carry the environment branch and its full parameter count but
no usable signal. Neither improves on image-only to signif-
icance: zeroing the environmental values leaves MAE essen-
tially unchanged (A 0.007, CI [—0.031, 0.044]), and permut-
ing valid values across fruit is almost as inert (A 0.039, CI
[—0.002, 0.078]). Because these architecturally larger models
do not beat the pure image model, the improvement from the
real configurations reflects the environmental information they
receive, not the extra parameters — a distinction the submit-
ted version, which removed the whole environmental vector at
once, could not establish.
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Table 4 Non-learned baselines against the learned models, all under identical grouped cross-validation and the same fruit-weighted metric. The
two baselines are fitted on each training fold and evaluated on the held-out fold.

Predictor Inputs Fruit-weighted MAE (d)
Constant (overall median) none 3.309
Group median storage condition only 2711
image-only (Table 5) image only 1.658
image + storage condition (Table 5) image + storage condition 1.126

Table 5 Main ablation. Fruit-weighted MAE averaged over ten cross-validation folds, with the paired improvement over image-only and its
95 % confidence interval from 10,000 bootstrap resamples of fruit. All eight configurations share identical fruit folds and an identical image

branch.
Configuration Environmental input Fruit-weighted MAE (d) A vs image-only (d) 95 % CI
image_only none 1.658 — —
image_zero_env zeroed (capacity control) 1.652 0.007 [—0.031, 0.044]
image_shuf_env permuted (information control) 1.620 0.039 [—0.002, 0.078]
image_group lhot storage-group one-hot 1.137 0.521 [0.450, 0.593]
image_temp continuous temperature 1.130 0.529 [0.458, 0.600]
image_env_full temperature + one-hot 1.126 0.533 [0.462, 0.605]

The gain is not attributable to temperature specifically.
Continuous temperature (A 0.529) and the categorical storage-
group one-hot (A 0.521) produce statistically indistinguishable
improvements, their confidence intervals almost entirely over-
lapping. Supplying both together (image_env_full, A 0.533) is
no better than either alone. With only three storage regimes
the one-hot already identifies the treatment, and the continu-
ous temperature value carries no additional predictive infor-
mation. The improvement is therefore correctly attributed to
knowledge of storage condition, not to temperature as a con-
tinuous physical variable — the correction this revision makes
to the submitted title and claims.

Humidity contributes nothing, and slightly hurts. On
the T10 + T20 subset where humidity was recorded, adding
it alone made predictions worse than image-only (image_rh,
A —0.083, CI [-0.139, —0.028]), while temperature-plus-
humidity (image_temp_rh, A 0.422 on the same subset) did
not exceed temperature alone. This is expected: recorded rel-
ative humidity was a constant 85% for both T10 and T20, so
it carries no information distinguishing them and merely adds
a noisy input dimension.

Per-Group Contribution

The contribution of storage condition is significant in every
group — all three confidence intervals exclude zero — but
strongly non-uniform (Figure 2b). It is smallest for refriger-
ated fruit (0.236 days, 12.6%) and roughly three times larger
for the two room-temperature groups (0.749 and 0.734 days,
48-51%). Refrigerated fruit ripen slowly and are visually dis-

tinctive, so appearance alone already predicts them reason-
ably well and storage context adds least; the short-lived room-
temperature fruit, whose entire remaining lifespan is around
six days, are where knowing the storage condition matters
most.

The temperature-versus-category equivalence seen overall
also holds within each group, and the way it holds is telling.
In the refrigerated group continuous temperature is marginally
ahead of the one-hot (0.250 vs 0.214 days); in the ambient
group the one-hot is marginally ahead (0.733 vs 0.693). Nei-
ther difference is significant, and the direction reverses be-
tween groups — exactly the pattern expected when two in-
puts carry the same information and differ only by sampling
noise, and not what would be seen if the continuous tempera-
ture value held genuine extra signal.

Experiment 2: Storage Condition Inference from Images

The per-group gradient above raises a natural question: does
appearance already reveal a fruit’s storage condition, and if so,
how well? To answer it we trained a separate image-only clas-
sifier to predict storage group, pooling one cross-validation
repeat so that every fruit is classified exactly once. All figures
below derive from a single saved prediction file, so the con-
fusion matrices, per-class recalls and accuracies are mutually
consistent by construction.

Overall accuracy was 0.843 against a majority-class base-
line of 0.634 (Table 7), and inverse-frequency class weight-
ing changed it negligibly (0.850; macro recall 0.765 — 0.764;
Figure 4). The confusion matrices show that weighting merely
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(a) Prediction error by configuration

image_only 1.66
image_zero_env 1.65
image_shuf_env 62
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(b) Improvement by storage group
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Figure. 2 Main ablation, fruit-weighted MAE across ten cross-validation folds. (a) Error by configuration: the image-only baseline and the
two capacity controls (image_zero_env, image_shuf_env, grey) cluster together near 1.65 days, while every configuration receiving real storage
information (green) drops to about 1.13 days — the gap between grey and green is environmental information, and the near-absence of a gap
among the grey bars shows the environment branch’s parameters alone contribute nothing. The dashed line marks the baseline. (b) The same
improvement decomposed by storage group, largest for the short-lived room-temperature groups.

Table 6 Per-group fruit-weighted MAE and the paired improvement of storage condition (image_env_full) over image-only, with bootstrap

confidence intervals over fruit.

Group Mean shelf-life (d) image-only  image_env_full A(d) 95 % CI Improvement
T10 16.10 1.876 1.640 0.236 [0.157,0.316] 12.6 %
T20 6.77 1.559 0.810 0.749 [0.623, 0.876] 48.0 %
Tamb 6.34 1.436 0.702 0.734 [0.569, 0.909] 51.1 %

Table 7 Storage-group classification from images alone, pooled over
one cross-validation repeat (n = 8,428 images, 401 fruit).

Group Support Recall Recall (weighted
(images) (unweighted) CE)

T10 5,342 0.931 0.943

T20 1,754 0.742 0.779

Tamb 1,332 0.622 0.569

redistributes a little recall between the room-temperature
groups without adding information — the same conclusion the
submitted version reached, now on consistent counts.

The structure of the errors is the informative part. Refriger-
ated fruit are the most visually distinctive (recall 0.931), and
the cold-versus-warm distinction is strong: pooled across the
two room-temperature groups, 91.1% of warm fruit are cor-
rectly identified as warm rather than cold. What the classifier
struggles with is the within-warm distinction — T20 and Tamb

are confused with each other far more than either is confused
with T10 — which is unsurprising, since 10 °C refrigeration
produces a visibly slower, greener fruit while 18.7 °C and 20
°C produce very similar appearances.

Table 8 Visual identifiability of each storage condition against the
benefit of supplying it explicitly.

Group Image recall (visual  Storage-condition
identifiability) benefit (Table 6)

T10 (refrigerated) 0.931 12.6 %

T20 0.742 48.0 %

Tamb 0.622 51.1 %

The two experiments line up in rank order (Table 8):
the more identifiable a storage condition is from appearance
alone, the less the regressor gains from being told it. Re-
frigerated fruit are the most visually distinctive and gain the
least (12.6%); ambient fruit are the least distinctive and gain
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the most (51.1%). The relationship is looser than the submit-
ted version claimed — the room-temperature groups are partly
identifiable, not near-random — but the qualitative correspon-
dence holds and now rests on internally consistent counts. It
also has a second component beyond visual ambiguity: the
room-temperature groups are short-lived (= 6 days), so any
error the regressor makes in inferring the ripening rate con-
sumes a large fraction of the remaining lifespan, whereas the
same relative error is diluted across the refrigerated group’s ~
16-day span.

(unweighted cross-entropy)

1.0
T10 0.8 —
> oz
S 2
(@)} ©
° 0.6
()] —
® T20 - 5
o IS
I3 r04 5
g <
a 0.2 g
142 362 r0.2 =

Tamb1 119 27%
—- 0.0

T10 T20 Tamb
Predicted storage group

Figure. 3 Confusion matrix for storage-group classification from
images alone, unweighted cross-entropy, pooled over one cross-
validation repeat (n = 8,428 images). Cells show image counts
and row-normalised recall. Refrigerated fruit (T10) are identified
most reliably; the principal confusion is between the two room-
temperature groups.

Sensitivity to the Assumed Ambient Temperature

The ambient group’s temperature was not recorded continu-
ously but summarised as a mean of 18.7 °C over a range of
15.8-21.7 °C. Because that single value feeds the environ-
mental branch, its misspecification is a legitimate concern. We
therefore re-ran the temperature configuration five times, hold-
ing everything else fixed and setting the ambient temperature
to each of five values spanning the full reported range.

The result is insensitive to the assumption (Table 9, Figure
5). Across the entire 15.8-21.7 °C range the fruit-weighted
MAE varies by only 0.06 days, and the minimum falls at 18.8
°C — essentially the dataset’s reported 18.7 °C mean. Even
the worst choice, the cold extreme, raises error by about 5%
relative to the optimum. Misspecifying the ambient tempera-
ture anywhere within its real range therefore has a negligible

(inverse-frequency weighted)

1.0
T10 0.8 —
a ' §
3 o
()] ©
g 0.6 o
S T20- 5
o £
I -0.4 5
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a 0.2 %
151 423 0.2 =

Tamb 11% 32%
T T — 00
T10 T20 Tamb

Predicted storage group

Figure. 4 The same classification trained with inverse-frequency
class weighting. Overall accuracy and macro recall are essentially
unchanged from Figure 3 (0.843 — 0.850; macro recall 0.765 —
0.764); weighting redistributes a little recall between the room-
temperature groups without adding information.

Table 9 Days-remaining prediction error as the assumed ambi-
ent temperature is swept across its full reported range (one cross-
validation repeat, 8,428 test predictions).

Assumed ambient temperature Fruit-weighted

“0O) MAE (d)
15.8 (cold extreme) 1.212
17.3 1.165
18.8 (= reported mean) 1.152
20.2 1.156
21.7 (warm extreme) 1.160

effect on prediction.

This concern is in any case doubly mitigated. The main
ablation showed that the improvement is carried equally by
the categorical storage-group indicator, which does not use
the temperature value at all; so the configuration a deployed
model would rely on is entirely invariant to the ambient
assumption, and even the temperature-based configuration
proves robust to it.

Discussion

Restatement of Key Findings

Supplying a CNN with a fruit’s storage condition alongside
a photograph reduced days-remaining error by 32%, from a
fruit-weighted 1.66 to 1.13 days, with a bootstrap confidence
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1.24

1.22

repofrted
mean 18.7 °C

1.20 A

1.18 A

1.16 A

1.14

Fruit-weighted MAE (days)

1.12 A

1.10 . . . - . .
16 17 18 19 20 21

Assumed ambient temperature (°C)

Figure. 5 Sensitivity to the assumed ambient temperature. Fruit-
weighted MAE of the temperature configuration as the ambient value
is swept across the full reported 15.8-21.7 °C range. Error varies by
only 0.06 days across the whole span, with the minimum (circled) at
the dataset’s reported 18.7 °C mean (dotted line).

interval over fruit that excludes zero. Two controls establish
that the gain is environmental information rather than added
model capacity, and a further comparison shows that a cat-
egorical storage indicator does as well as a continuous tem-
perature value — so across these three storage regimes the
improvement is attributable to storage condition, not to tem-
perature as a continuous physical variable. The improvement
is not uniform: it ranges from 12.6% for refrigerated fruit to
51.1% for ambient-stored fruit.

A second experiment helps explain that gradient. An
image-only classifier identifies refrigerated fruit most reliably
(recall 0.93) and the two room-temperature conditions less
well (0.62-0.74), and the rank order of visual identifiability
matches the rank order of benefit inversely: the more clearly
appearance reveals a storage condition, the less the regressor
gains from being told it explicitly. Class-weight correction
changes this negligibly, confirming the pattern reflects gen-
uine visual signal rather than class imbalance.

Interpretation: State Versus Rate

We propose a straightforward mechanism. A photograph re-
veals a fruit’s current state; it does not reliably reveal the rate
at which that state will change. Presented with a single im-
age, a vision-only model cannot always distinguish a refrig-
erated fruit with ten days remaining from a room-temperature
fruit with three, and must hedge between them. That hedge
is costly precisely for the short-lived warm groups, whose en-
tire remaining lifespan is around six days, so that an error in
the inferred ripening rate consumes a large fraction of it. Sup-

plying the storage condition collapses much of the ambiguity.
The same logic has long been recognised in non-vision sens-
ing: an ultrasonic measurement of avocado firmness indexes
a fruit’s current state, but its mapping to remaining shelf-life
shifts with the fruit’s prior time—temperature history??, and
mechanistic kinetic models represent ripening with fitted ini-
tial conditions and Arrhenius temperature-dependent rate con-
stants 10,

An important qualification follows from the ablation. Be-
cause a three-level categorical indicator does as well as a
continuous temperature value, the model is not learning the
smooth, Arrhenius-type dependence of ripening rate on tem-
perature that post-harvest physiology describes®. It is learn-
ing that three discrete storage regimes ripen at three different
rates. Whether a vision model can recover the continuous law
— rather than a lookup over a handful of conditions — cannot
be settled with only three temperatures and is left to datasets
that sample temperature more finely. The present claim is the
narrower and better-supported one: knowing which of a small
number of storage regimes a fruit is in substantially improves
the prediction.

Connection to Prior Work

Our results extend the dataset’s originating study, which used
the same 478 avocados for five-stage classification (88.8% ac-
curacy) but did not attempt days-remaining regression or iso-
late the storage variable, despite having collected the neces-
sary data '8,

The result also sits alongside the shelf-life regression liter-
ature. Jada et al. reported MAE 1.44 days for banana using
RGB images with day labels derived from stage class names
under a fixed-rate assumption’; our image-plus-storage con-
figuration reached a fruit-weighted 1.13 days with measured
labels. Davur et al. reported 1.17 days for avocado using hy-
perspectral imaging of 80 fruit®, and Han et al. reported an
RMSE of 1.43 days for ‘Hass’ using deep-network regression
on single hyperspectral images of 316 ‘Hass’ fruit>*; our per-
group errors of 0.810 days (T20) and 0.702 days (Tamb) are
of comparable magnitude using ordinary RGB photography
plus a storage-condition label. These comparisons must be
read cautiously — the studies differ in fruit, dataset, imaging
modality, split protocol and target definition, and our long-
lived refrigerated group spans a much wider target range,
which inflates its MAE mechanically. They indicate that
RGB-plus-metadata is competitive with more elaborate sens-
ing, not that it is superior.

More broadly, the finding is consistent with the multi-modal
fusion literature, in which adding a non-visual modality to
imaging improves produce assessment '4?*. Our contribution
is not to add another such demonstration but to decompose
one: by holding the image branch fixed and varying only
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the environmental input — including controls that add the
branch’s parameters without its information — we separate
the contribution of the environmental channel from the capac-
ity it brings, and the contribution of a continuous temperature
from that of a categorical storage label. That decomposition,
rather than the existence of a fusion benefit, is what distin-
guishes this study.

Practical Implications

For anyone building a consumer-facing ripeness tool, the find-
ing is directly actionable, and the specific form of the finding
matters. A photograph-only application would forgo roughly a
third of achievable accuracy overall, and about half for room-
temperature fruit — which is how most consumers store av-
ocados. But because a categorical storage label does as well
as a continuous temperature, the input the application needs
is not a precise measurement. It is simply which regime the
fruit is in — refrigerated or left out — a single choice a user
can supply directly, with no thermometer, weather lookup or
sensor. This is both cheaper and more reliable than attempting
to infer an indoor fruit’s temperature from external data, and
the ablation shows nothing is lost by it.

The asymmetry has a practical corollary: storage informa-
tion matters least for refrigerated fruit, which the model can al-
ready recognise from appearance, and most for counter-stored
fruit, which is the common case.

Limitations

Right-censoring is uneven. 16.1% of fruit never reached
stage 4 and were excluded, but the rate varied from 9.1% (T20)
to 26.6% (Tamb). The retained Tamb sample is therefore bi-
ased toward faster ripeners, and its measured 6.34-day mean
shelf-life is likely an underestimate. The apparent difference
between T20 and Tamb should not be read as a physical ef-
fect. This does not threaten the main finding, which con-
cerns the contribution of storage information rather than the
absolute shelf-life of any group, and which holds within each
group separately (Table 6), including the less-censored T20;
but a dataset with complete observation would let the ambient
group’s true distribution be estimated rather than bounded.
Ambient conditions are only partly documented. T10
and T20 are specified precisely; the ambient group is not. Its
temperature was not held constant but oscillated between 15.8
°C and 21.7 °C, and its humidity was never recorded 18 Am-
bient temperature therefore enters the model as a single sum-
mary value (18.7 °C) standing in for a fluctuating quantity,
and the ambient group contributes no humidity information at
all. The sensitivity sweep across the full reported temperature
range quantifies how much this matters; the humidity gap is
unrecoverable and is handled by excluding the ambient group

from humidity-based configurations rather than by imputation.

Class imbalance. Refrigerated fruit constitute 63.4% of re-
tained images, because longer-lived fruit yield more daily pho-
tographs. The submitted version’s image-weighted metrics let
this inflate the refrigerated group’s influence; the present anal-
ysis reports fruit-weighted error as its primary metric, so ev-
ery fruit counts equally regardless of how often it was pho-
tographed, and reports per-group results throughout. The im-
balance remains in the training data itself, which the storage-
condition classifier’s weighting experiment addresses directly.

Storage condition is a treatment label, not a continuous
measurement. The model receives which of three regimes a
fruit was kept in, not a logged temperature trace — and the
ablation shows this is all the present data can support, since
a categorical label already captures the available signal. Per-
formance under continuously varying real-world temperature,
and whether finer temperature sampling would let a model ex-
ploit a continuous rate law, remain untested.

Only three storage conditions. The central attribution re-
sult — that a categorical label does as well as a tempera-
ture value — is a direct consequence of having three regimes,
among which temperature, humidity and identity are collinear.
It correctly bounds what this dataset can show, but a study
spanning many temperatures could in principle separate a con-
tinuous temperature effect from a categorical one, which this
design cannot.

Single cultivar, single dataset, laboratory conditions. All
images derive from one controlled study of Hass avocados
against consistent backgrounds. Generalisation to other cul-
tivars, other fruit species, and photographs taken in uncon-
trolled consumer settings is unverified.

Limited architectural exploration. ResNet-18 was used
throughout, deliberately, to keep the eight-configuration com-
parison controlled; a single backbone means the absolute er-
ror, though not the relative contribution of storage condition,
might differ with a deeper or more modern architecture.

No interpretability analysis. The model’s visual reasoning
was not inspected. Gradient-weighted class activation map-
ping? would indicate whether predictions rest on physiologi-
cally meaningful features such as skin darkening.

Recommendations for Future Work

The most direct extension follows from the central limita-
tion. A dataset spanning many storage temperatures, rather
than three, would allow the decisive test this study could not
perform: whether a vision model conditioned on temperature
learns the smooth Arrhenius dependence of ripening rate®, or
continues to behave as a lookup over discrete regimes. The
natural endpoint is a model conditioned not on where a fruit is
stored but on the cumulative thermal exposure it has actually
accumulated. Beyond that, testing cross-cultivar and cross-

© The National High School Journal of Science 2026

NHSJS 2026 | 11



dataset transfer would establish whether “ripeness” is a trans-
ferable visual concept??; adding interpretability analysis such
as gradient-weighted class activation mapping?> would show
whether predictions rest on physiologically meaningful fea-
tures such as skin darkening; and validating on photographs
captured by consumers rather than in a laboratory would be a
prerequisite for deployment.

Two further directions bear on deployment specifically.
A days-remaining estimate is only useful with a calibrated
notion of its uncertainty, so that a stated range covers the
true value at its claimed rate; conformalised quantile regres-
sion provides distribution-free prediction intervals with finite-
sample coverage, and post-hoc recalibration offers an asymp-
totically calibrated alternative; both are natural complements
to the fruit-level bootstrap intervals reported here62”. Sep-
arately, vision—language models offer a route to fine-grained
produce assessment that generalises across fruit types with lit-
tle labelled data, and adapting them to ripeness could reduce
the per-cultivar data cost that a purely supervised model like

ours incurs 28,

Closing Thought

Deep learning applied to fruit imagery has largely proceeded
as though a photograph contains everything worth knowing. It
does not. A photograph is a snapshot of state, and state alone
cannot tell you how fast the future is arriving. Knowing where
a fruit has been stored supplies what the image cannot, cutting
the remaining error by roughly a third. What our data cannot
yet show is whether a model can learn the continuous temper-
ature dependence that post-harvest kinetics predicts: with only
three storage regimes, a categorical label of the condition does
just as well as its temperature. Testing whether finer tempera-
ture sampling lets a vision model recover that continuous law
is the natural next step — but the broader lesson already holds,
that appearance and storage context answer different questions
and a useful predictor needs both.
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