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Abstract

Accurate estimation of meal composition from food images can support safer and more reliable insulin
bolus decision-making for individuals with Type 1 diabetes. Existing food recognition and nutrition
estimation systems are often designed for general dietary logging and do not directly integrate food
analysis with personalized insulin therapy parameters. This study presents an image-based nutrition
estimation and insulin decision-support module developed within the Al-assisted Diabetes Care
(AIDCARE) platform. The proposed system uses a convolutional neural network (CNN) to classify
food items from a single meal image and retrieves reference nutritional values from a food composition
database. A separate multimodal large language model (MLLM)-based estimation component is then
used to estimate portion size, allowing carbohydrate and nutrient values to be scaled according to the
observed serving. A curated food image dataset containing 40 food categories was used to evaluate
three CNN architectures: ResNet50, Inception V3, and EfficientNet-B0. EfficientNet-B0 achieved the
best classification performance, with 94.91% validation accuracy, 95.55% precision, 94.87% recall, and
94.90% F1-score. The portion-estimation component achieved an MAE of 12.27 g and an RMSE of 15.11
g. The estimated carbohydrate value is combined with user-specific clinical parameters, including the
insulin-to-carbohydrate ratio and insulin sensitivity factor, to generate advisory bolus guidance. To
support safety, the system requires user confirmation or correction of the recognized food category and
estimated portion before insulin guidance is displayed. The proposed system is intended for advisory
decision support only and is not designed to replace clinical judgment or autonomous insulin delivery
systems.

Keywords: type 1 diabetes; food image recognition; nutrition estimation; insulin bolus decision
support; mobile health

1. Introduction

People with Type 1 diabetes must monitor daily food intake and estimate appropriate meal-related
insulin doses to maintain stable blood glucose levels [1,2]. In real-world settings, manual approaches
such as visual portion estimation or food weighing are commonly used. However, these methods
are time-consuming and prone to error because they depend on subjective judgment. Such errors
may reduce the accuracy of insulin dosing and make blood glucose control more difficult [3-5]. In
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recent years, advances in artificial intelligence (Al), deep learning (DL), and computer vision (CV)
have provided practical approaches for reducing human error in dietary assessment. These methods
can support food recognition, nutrient estimation, and semi-automated dietary tracking from food
images [6,7]. Some studies have investigated 3D reconstruction approaches for estimating food volume
and nutrient content from food images [8]. However, reconstruction-based methods often require
specialized hardware, depth information, reference objects, or multiple images captured from different
angles. These requirements limit their practical use in everyday mobile health settings, especially for
individuals who need fast and simple meal logging using a standard smartphone camera. Several
Al-powered applications have also been developed for general calorie counting and nutrition logging.
However, few available systems directly connect image-based food analysis with personalized insulin
bolus decision support for individuals with Type 1 diabetes. Therefore, there remains a need for a
mobile-friendly and clinically constrained system that can estimate food category, portion size, nutrient
content, and advisory insulin guidance from a single meal image.

In this study, we propose an image-based nutrition estimation and insulin decision-support
module within the AIDCARE platform. The system allows users to upload a single meal image,
predicts the food category, estimates the portion size, retrieves reference nutritional values, and
computes advisory bolus guidance using user-specific clinical parameters. The system incorporates
a human-in-the-loop mechanism that allows users and healthcare professionals to review, confirm,
or correct food and portion estimates before insulin guidance is displayed. This design preserves the
advisory role of the system and supports safer decision-making in diabetes self-management.

N

min ]1]1; (Lcls(yirf()([i)) + A Lyt (wj, ht,b(Ii))) ey

Equation (1) sets out the main training objective for the single-image method. In this scenario,
every example contains one RGB meal photo I; together with the actual food label y; and the portion
weight w;. The classifier fy(-) helps in predicting the category while the regressor /(-) estimates
the weight; both depend on the same input image. The factor A facilitates balance the focus between
classification accuracy and food portion estimation. In this case fy(+) serves as the CNN backbone for
identifying food types with parameters 0 and utilizes a typical classification loss L. In the same way,
hg(-) tackles the portion or weight regression with parameters ¢ and calculates differences through
Lwt. The objective function mainly leads our proposed methodology to system design level and
model choice. In our Al-assisted diabetes care (AIDCARE) solution, insulin recommendation is a
sub-module and it is designed under clinician-defined safety constraints. To implement this research,
we selected the most suitable classifiers like ResNet50, EfficientNet-B0, and Inception V3 and trained
them using images captured by actual users. After finding the category of the food, our system
provides carbohydrate content and other nutritional information and transforms them according
to the estimated portion. The modified values contribute to bolus calculations that incorporate the
individual’s Insulin-to-Carbohydrate Ratio (ICR) and Insulin Sensitivity Factor (ISF). The yield of the
system provide help to guide the end users (patients) and clinicians in making insulin dosing decisions.
To safeguard well-being of the patients must always verify and either accept or adjust the identified
food category and nutrient estimates before any insulin advice is given. This human-in-the-loop feature
maintains user control over essential aspects. It should be noted that Eq. (1) expresses the conceptual
joint objective of the proposed methodology. In the deployed AIDCARE implementation, however,
food recognition and portion estimation are not realized as a single jointly trained network. Instead,
the practical system follows a hybrid two-stage pipeline in which a CNN-based classifier predicts
the food category and a separate multimodal model estimates portion size. Therefore, Eq. (1) should
be interpreted as a high-level formulation of the coupled tasks rather than the exact optimization
routine used in deployment. Based on our experimentation, EfficientNet-B0 attained the uppermost
classification accuracy compared to the other DL models. Our proposed hybrid approach shows a
practicable process for conducting nutrition analysis from food images and assisting the patients with
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bolus decision. The rest of the paper is organized in 6 main sections. In Section 2 we have explored
the related work. Section 3 provides the complete architecture of the AIDCARE system and its main
modules for better understanding our AIDCARE system. Section 4 presents the proposed research
methodology. Section 5 reports the experimental results and analyzes performance. It also discusses
the research implications and limitations. The last Section 6 concludes the paper.

2. Related Work

The central prerequisite in the daily self-management of Type 1 diabetes is the exact estimation
of carbohydrate because meal-related insulin dosing rely straightforwardly on the amount of carbo-
hydrate consumed [9]. On daily basis, many patients use manual carbohydrate counting or visual
estimation of meal portions. Although these approaches are extensively used but user experience
the fundamental dependance. These approaches are also exposed to substantial estimation errors,
particularly for mixed dishes, unbalanced serving sizes, and meals made outside the home. As a
result, the imprecise meal calculation may lead to under- or overestimation of insulin boluses and,
consequently, inferior glycemic control. To overcome the problem of manual meal assessment, many
researchers explored automatic dietary analysis using CV and DL [10,11]. Preliminary work in this area
focused mainly on food image classification, where the meal images are mapped to one or more food
categories. The advent of the convolutional neural network (CNN) has led to an improvement in food
recognition performance, with ResNet, Inception, and EfficientNet being common food recognition
networks for dietary assessment tasks [12,13]. These studies demonstrated that CNN-based models
can successfully learn robust visual representations for food categories under challenging, realistic
conditions near real-world environments with distracting clutter, similar and different classes, and
changing lighting. However, food classification alonen isn’t sufficient for clinical nutritional support
because knowing the dish doesn’t give the spent amount nor nutrient consumption directly.

The other key area of the research has thus concentrated on the estimation of the size of the
portion or amount of food. Examiners used geometric modelling, fiducial markers, depth sensors,
multi-view reconstruction or reference objects to obtain the quantity of food present in an image
[14-16]. Many of these methods require controlled acquisition conditions, specialized hardware,
and/or multiple images taken from various angles, but can also enhance quantitative estimation.
These requirements slow them down in normal use for mobile health apps where users typically
opt to take a one-time snapshot of a meal with their phone’s camera. That is why, there remains
solid attention in lightweight, single-image methodologies that can deliver appropriately precise
portion estimates without particular sensing apparatus. More recently, multimodal models have
been investigated for food-related reasoning works, including ingredient understanding, nutritional
description, and approximate portion assessment from camera images [17]. Compared with purely
CNN-based pipelines, multimodal large language models (MLLMs) provide superior flexibility in
interpretation meal context and in generation of human-readable estimations. However, most existing
applications of MLLMs in nutrition remain intensive on general dietary logging, calorie estimation, or
explanatory meal analysis. Their role in clinically meaningful decision support, specifically for insulin
dosing, has not yet been appropriately recognized. Parallel to advances in CV, a number of mobile and
web-based nutrition apps have been designed to support dietary monitoring, calorie counting, meal
logging, and personalized nutrition assistance [18,19]. These systems have shown worth in refining
adherence, increasing nutrition awareness, and streamlining self-tracking. However, most of them
are developed for general wellness, weight management, or broad diet management rather than for
the requirements of people with Type 1 diabetes. Most of the systems stop at food recognition or
nutrient estimation and do not incorporate meal analysis with user-specific insulin therapy parameters
such as the insulin-to-carbohydrate ratio (ICR) and insulin sensitivity factor (ISF). So, they deliver
valuable nutritional advice but do not directly support the meal-bolus decision procedure. There is
also a significant difference between general dietary valuation systems and diabetes-oriented decision
support systems.
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In the context of diabetes care, our goal is not just simply to estimate food calories or macronu-
trients present in the food, but also to provide a detailed outlook of meal-related information with
personalized, and clinically explained guidance. For this purposed we linked food recognition and
portion estimation with carbohydrate calculation and then connected these estimation to customized
treatment parameters. Additionally, because errors in meal estimation can spread into insulin sugges-
tions, such systems must incorporate suitable precautions, transparency, and user mistake. Existing
techniques have only incompletely tackled this end-to-end issue, and very few researches have pre-
sented a practical mobile-friendly pipeline that combines image-based meal analysis with advisory
insulin support under a human-in-the-loop technique. Against this context, our research work ad-
dresses a gap at the intersection of food image analysis, multimodal estimation, and Type 1 diabetes
self-management. The proposed AIDCARE module does not treat food recognition as an isolated
computer vision problem; instead, it implants image understanding into a broader decision support
workflow. Particularly, our approach joins CNN-based food classification with single-image portion
estimation using a multimodal model, fetches reference nutrient values from a food composition
database, scales these calculations according to the estimated serving size, and finally computes an
advisory bolus suggestion using user-specific clinical parameters. In contrast to the systems that rely
on 3D reconstruction or multiple images, our approach is designed for Type 1 diabetes patients use
with a single meal photo uploading freedom. At the same time, unlike traditional calorie-counting
applications, our system extends beyond nutrition logging to support insulin-related decision making.
Another unique feature of our system is its explicit human-in-the-loop feedback design. Rather than
fully automating therapy decisions, the system needs nutrition validation or correction of the recog-
nized food category and estimated portion before showing insulin guidance. The wider AIDCARE
ecosystem includes clinician oversight through a dedicated professional dashboard, enabling health-
care professionals to describe individualized parameters and monitor usage. This makes the proposed
approach more suitable for real-world adoption for the patients having diabetes Type 1.

3. System Overview and Hybrid AI Architecture

We developed the decision support system for image-based nutrition analysis as a central module
in the AIDCARE platform; this broader digital health tool is designed to assist individuals in managing
diabetes in their everyday lives. Within this methodology, our research emphasizes the assessment of
dietary intake and guidance for insulin boluses. The system integrates food recognition from images
with nutritional information tailored to users and relevant clinical parameters. Figure 1 illustrates
the full architecture of this hybrid Al method along with its integration into the overall AIDCARE
ecosystem.

3.1. Platform-Level System Architecture

The proposed system has four major modules including mobile app, web panel for healthcare
professional, backend server and Al processing engine. All these modules are connected using REST
APIs and exchange data with a central database for persistent storage and access. The mobile app is
the developed for the patients having Type 1 diabetes and it is the point of interaction for end users.
The user can upload single food image and this image is processed by Al engine for classification
and nutrient estimation. Depending on the input image the application shows estimated nutrient
breakdowns. The results are shared with the patients and once the user approve they can ask for
bolus recommendation. The backend server acts as the main module between the other modules. It is
responsible for user authentication, secure data exchange between modules, request routing, and for
sending storage requests to the central database. The Al engine is responsible for core computational
tasks such as food image category classification, portion size estimation, and calculating essential
carbohydrate values. The results are used for bolus calculations. Mathematically:

7t(I) = softmax(fy(I)) ()
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here [ is the input image, fy(-) represents the CNN class prediction function with parameters
6, and 7t(I) is the predicted probability distribution among all food categories. Here K denotes the
number of food categories in the dataset, in our case, K = 40).

7 = argmax (1) ©)
here 7/ is the predicted category with the highest probability among all possible classes.

B = hy(I) 4)

where 714 (-) denotes the portion-size estimation model and @ is the raw estimated food weight in
grams derived from the input image.
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Figure 1. Overall architecture of the proposed system within the AIDCARE platform.

The component-based architecture makes it simple to connect with other parts of AIDCARE
solution. The AIDCARE platform offers additional features including body measurements, exercise
planing, diabetes-related education, gamification module and HbAlc risk prediction.

3.2. Diet Management Module and User Interaction Workflow

The diet management module forms the heart of our contribution and it is a module of AIDCARE
solution. It permits the patients with Type 1 diabetes to document meals and obtain personalized
guidance on insulin boluses derived from estimated carbohydrate intake. After uploading the image
using smartphone camera, the Al engine first applies a CNN model (EfficientNet) to determine the food
category. That classification then pulls corresponding reference nutritional data from an established
food composition database.

y =Gy, w =Cu(@) (5)
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where Cy(-) and Cy(-) denote the mandatory user confirmation operators for food category and
portion size, respectively. During review, the user may either accept the predicted values or revise
them, resulting in the final approved outputs y* and w*.

Next a multimodal analysis component processes the same image to predict portion size. Carbo-
hydrate and other nutrient values are computed by adjusting the database entries according to this
estimate.

The total carbohydrate estimate Cis computed by scaling database carbohydrate values using the
confirmed portion size as defined in Eq. (8).

Finally these figures combine with the user’s personal parameters notably the Insulin-to-
Carbohydrate Ratio (ICR) and Insulin Sensitivity Factor (ISF) to produce bolus dosage suggestions.
These remain strictly advisory to assist decision-making.

C
Ufood = ﬁ (6)

Ufood is the insulin amount required to cover meal carbohydrates, C is the estimated carbohydrate
intake, and ICR is the insulin-to-carbohydrate ratio defined by clinicians.

For safety we built in a mandatory validation step: before any bolus advice appears users must
review and either confirm or revise the detected food category and nutrient calculations. This human-
in-the-loop design keeps users accountable for the most important details and reinforces the system’s
role as supportive rather than autonomous. The full sequence of interactions in the diet management
module is shown in Figure 2.

< Log into Aidcare app >

\

Access the diet module

2

Capture a photo of the food

2

Estimate food nutritient values
(carb, protein, cal.)

J

Confirm
nutritional
values?

No 3 Edit values

manually

lYes

Get insulin dose suggestiorD <

Figure 2. Workflow of the diet management module for image-based nutrition analysis and insulin bolus decision
support.
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3.3. Healthcare Professional Web Panel

In our AIDCARE solution, we made a separate web-based panel for healthcare professionals
(dietitians) so that they can manage their patients, provide them some personalized treatment param-
eters, set blood glucose goals settings, and can track the overall progress of the patients. The web
panel’s main dashboard provides an outlook of key statistics for dietitian including critical alerts and
upcoming appointments and online meetings with the patients. In the sidebar menu we added sections
like My Patients, Appointments, Messages, Al-assisted Suggestions, Reports, and Online Meetings
with the patients having Type 1 diabetes. The Goals & Settings pages (Figures 3, 4) allow healthcare
professionals to list down personalized nutrition goals and treatment targets.

98 overview ¢ Goals & Settings 0 Meal Log

Nutrition and Treatment Goals O SaveC
Changes made on this page will directly impact the patient's treatment plan and mobile application.
O Blood Glucose Targets

FASTING TARGET AFTER-MEAL TARGET

90 a/dL 110

Bolus and Treatment Parameters e

INSULIN SENSITIVITY FACTOR (ISF. RECOMMENDED MAXIMUM BOLUS

15 6

Figure 3. Blood glucose targets and bolus/treatment parameters.

@ MNutrition Goals & DIE

¢} Daily Calorie Target 1200

- Noon (& Evening

50 40 40

Figure 4. Meal-specific nutrition goals and insulin-to-carbohydrate ratios on the Goals & Settings page.

The patients can view on their mobile application once added by the healthcare professionals.
Changes here will update the treatment plan in real time to ensure it matches the clinician’s intent
and the patient’s experience. The app is directly linked to the web panel of the same healthcare
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professional, which makes it easy to adjust its parameters according to patient-specific data, activity
level and glycemic variations obtained from the web panel. Figure 5 is the dashboard overview.

G AIDCARE = Q Hasta Ara (isim veya T.C. Kimlik No)... ® & @ EN v Ozlem Albulut

= Doctor Dashboard —

Dashboard

# Welcome Back, Dr. Ozlem Akbulut e4:41 PM

pe]

My Patients
Overview of your patients and activities THURSDAY, FEBRUARY 5, 2026

&

Appointments

[E] Messages
& Al Assistant ® 2 Q 1 1 g 3
Critical Patients Total Patients Today's Patients Pending Lab Results
i} Al Suggestions
[ o©nline Meetings
Bl Latest Appointments See All [[] Latest Online Meetings See All
[El Reports

No appointments found. No scheduled online meetings found.

Figure 5. Overview of the AIDCARE clinician dashboard, showing sidebar navigation, patient statistics, and
activity summaries.

4. Materials and Methods
4.1. Dataset and Pre-Processing

We assembled a custom dataset of high-resolution food images to train and evaluate the food
classification models effectively in a Turkish food context. The dataset sources included publicly
available recipe websites and real-world images captured by users to capture dishes commonly eaten
in everyday Turkish diets. After careful curation and annotation, the final collection contains 40
distinct food categories that represent typical daily intake patterns. After data cleaning a total of 25,578
images were retained for training purposes. To address class imbalance a class balancing procedure
was applied to create a more uniform training dataset. Each class was adjusted to approximately 350
images with a tolerance of +50 images.

The balanced dataset was randomly partitioned into training (80%) and validation (20%) sets
using stratified sampling to preserve class distribution. Sample images from the dataset are illustrated
in Figure 6.

Figure 6. Sample images from the food image dataset used for classification.
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To improve model generalization and robustness, we applied data augmentation technique with
the help of Python’s torchvision transforms library. This technique provided random horizontal and
vertical flips, random rotations within £20° angles, color jittering (contrast, brightness and saturation),
and random resizing and cropping to an input resolution of 224 x 224 pixels.

All images present in the dataset were normalized with the help of ImageNet [20] statistics with
mean values of 0.485, 0.456, 0.406 and standard deviations of 0.229, 0.224, 0.225 respectively. We applied
this normalization step to make the input images compatible with the pre-trained CNN architectures
(EfficientNet-B0O, ResNet50, and Inception V3); all of which were originally trained on ImageNet.
Matching the expected input distribution in this way enables more effective transfer learning; it allows
the models to leverage learned features without significant distribution shift issues.

4.2. Food Image Classification Models

To determine the most suitable model for food category recognition in our Turkish-context dataset,
we evaluated three well-established convolutional neural network (CNN) architectures: ResNet50
[21], EfficientNet-B0 [22], and Inception V3 [23]. These were chosen because they have repeatedly
demonstrated strong performance on large-scale image classification benchmarks and have already
seen successful use in various food image analysis tasks [24]. We applied transfer learning starting
from weights pre-trained on ImageNet1K. During fine-tuning, the convolutional feature extraction
layers remained frozen to preserve the general visual representations learned from ImageNet. Only
the final fully connected classification layer was replaced and trained from scratch to fit our 40-class
food recognition problem.

'Ccls = -
k

K
yi log 7tk 7)

=1

L s denotes the cross-entropy classification loss, K is the number of food classes, yy is the ground-truth

label, and 7y is the predicted probability for class k. All models used cross-entropy loss and were

optimized with the Adam algorithm. We trained consistently with a starting learning rate of 0.001,

batch size of 32, and 10 epochs. To prevent overfitting and improve convergence, a ReduceLROnPlateau

scheduler dynamically reduced the learning rate whenever validation loss stopped improving.

4.2.1. ResNet50

ResNet50 [21] is a 50-layer deep convolutional network that relies on residual (shortcut) connec-
tions to address the challenges of training very deep architectures.

w &0
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Stage 1 Stage 2 Stage3 Staged4 StageS

Figure 7. Architecture of the ResNet50 model.

4.2.2. EfficientNet-B0

EfficientNet-B0 [22] employs compound scaling to balance depth, width, and resolution, resulting
in strong performance with low computational cost.
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Figure 8. Architecture of the EfficientNet-BO model.

4.2.3. Inception V3

Inception V3 [23] utilizes parallel convolutional branches to capture multi-scale spatial features

efficiently.
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Figure 9. Architecture of the Inception V3 model.

4.3. Hybrid Al-Based Portion and Nutrient Estimation

Our hybrid approach combines CNN-driven food classification with a multimodal AI component
to derive both portion size and nutritional estimates directly from a single food photograph, as
illustrated in Figure 10.

= @

—_ CNN Classifier > Multimodal LLM

(EfficientNet) (Gemini API +
Nutrition Prompt)

Meal Photo Food Classification Food Classification

|

Food Class: Manti

— Suggested — Bolus Insulin Formula —
. Weight: 190g
Bolus Insulin: + Calories: 322kcal
Patient Settings Carbohydrate: 56.45
. - 5.72 UNIT yerate: 56.459
Mobile Application Protein: 7.83g
Bolus Insulin Insulin Computation Estimation Results

Figure 10. Pipeline of the hybrid nutrient estimation and insulin dosage guidance system.
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Once the food category is identified, the portion size is estimated and used to scale reference
nutritional values obtained from the food database.

w*

é\ = ﬁ Tcarb (y*) (8)

7 * r *
ACb _ carb(]/ ) Aw, |ACZ,| < carb(]/ ) |Aw| (9)
100 100

To make the effect of portion-estimation uncertainty explicit, we additionally consider the first-order
propagation of weight error into carbohydrate estimation. The above relation shows that the carbo-
hydrate error grows linearly with the food-specific carbohydrate density and the portion-estimation
error. C is the estimated total carbohydrate amount in grams, w* is the confirmed portion weight, and
Tearb(y) is the carbohydrate value per 100 g for the confirmed food category.

Table 1. Example carbohydrate calculations using standard portion sizes for selected food categories.

Food category Portion size (g) Carb/100 g (g) Total Carb/portion (g)

Mant1 190 29.71 56.45
Lahmacun 150 21.51 32.27
Dry beans 70 29.42 20.59
Yaprak sarma 130 17.81 23.16
Mercimek ¢orbasi 300 8.28 24.85
Tarhana soup 250 4.99 12.47
Baklava 160 49.36 78.97
Kinefe 120 45.75 54.90
Adana kebab1 151 1.06 1.60

Borek 200 35.83 71.67

4.4. Insulin Bolus Decision Support Calculations

Meal-related insulin is computed from the estimated carbohydrate intake as follows:

C
Utood = ICR (10)
Acb rcarb(]/*)
A = = A 11
Hfood = TR T 7001CR ~7 (11)
Tearb(¥)
A < —carb g A 12

Combining Eq. (8) with the meal-bolus rule yields a direct sensitivity relation between portion-
estimation error and meal-related insulin uncertainty. This formulation makes the safety interpretation
of portion-estimation accuracy more transparent. Here 1,4 is the insulin dose for meal carbohydrates,
C is total carbohydrates in grams, and ICR is the insulin-to-carbohydrate ratio. Correction insulin is
calculated to adjust for deviations from target glucose:

CBG — TBG) (13)

Ucorr = max(O, ISE

where CBG is the current blood glucose, TBG is the target blood glucose, and ISF is the insulin
sensitivity factor. The max(0, -) term prevents negative correction insulin values when CBG < TBG.

1, CBG < TBG
W(CBG) = (14)
0, CBG > TBG
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Since Eq. (13) suppresses negative correction insulin, it is useful to define an explicit low-glucose
warning indicator. This preserves the advisory character of the system while making the safety logic
mathematically explicit. The total advisory insulin bolus is then:

Utotal = Ufood T Ucorr (15)

Usafe = max(O, min{umaxr Ufood T ucorr}) (16)

To reflect clinician-defined treatment limits more explicitly, the advisory bolus can also be written in
constrained form, where #m,x denotes the maximum recommended bolus configured in the clinical
settings panel.

Uotal TEpTesents the total insulin bolus suggested by the system before user confirmation.

4.5. Evaluation Protocol

Food classification performance was evaluated using accuracy, precision, recall, and macro-
averaged Fl-score. The balanced dataset was split into training and validation sets using stratified
sampling with an 80%/20% ratio to preserve class distribution. For the multi-class classification
setting, precision, recall, and F1-score were computed using a one-vs-rest strategy and then macro-
averaged across all food categories. Portion-weight estimation performance was evaluated using
mean absolute error (MAE) and root mean squared error (RMSE). All experiments were conducted
in a GPU-accelerated environment using the same training configuration across the evaluated CNN
architectures to ensure a consistent comparison.

5. Results and Discussion
5.1. Food Classification Performance

For the food classification task, we evaluated three convolutional neural network (CNN) architec-
tures: ResNet50 [21], EfficientNet-BO [22], and Inception V3 [23]. The exact category recognition is an
essential step towards reliable carbohydrate estimation. We fine-tuned all the models using transfer
learning. To quantitatively evaluate classification performance, we used standard metrics; for the
multi-class setting (K = 40), precision, recall, and Fl-score are computed in a one-vs-rest manner and
reported as macro-averages across classes.

TP+ TN
TP+TN+FP+FN

TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, respec-

Accuracy = (17)

tively, and Accuracy measures the overall proportion of correctly classified samples.

TP
Precision = ————— 1
recision TP & EP ( 8)

Precision indicates how many of the predicted food categories are correct.

TP
TP+ FN

Recall measures how many of the true food categories are successfully identified by the model.

Recall = (19)

Precision - Recall
F1- =2 2
score Precision + Recall (20)

F1-score is the harmonic mean of precision and recall, and is a balanced performance measure. The best
overall performance was achieved by EfficientNet-B0, which achieved a validation accuracy of 94.91%.
It is competitive with others because of the joint optimization of the depth, width and resolution of the
compound, which enables a very efficient detection of the discriminative features even for a relatively
small number of parameters. The model was quite reliable for many categories such as Lahmacun that
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are clearly visible. When compared to the following, Inception V3 was the next closest with 91.67%
validation accuracy. The Inception modules in its multi-scale approach were found to be effective
in extracting detailed textures and the spatial context of the image. It performed well on the small
number of food items with distinctive appearance, such as Adana kebab: and poorly on items with
similar appearance such as Manti. ResNet50 achieved 87.96% validation accuracy and it was only
comparatively lower in its recognition of visually homogeneous items like Tarhana soup as it were
showed stable performance. The comparison of accuracy, precision, recall and F1-score between the
two are shown in Table 2. The alternatives were always outperformed by efficientNet-B0, which was
the backbone of choice for downstream nutrient estimation and bolus support.

Table 2. Food classification performance of different CNN models.

Model Accuracy T Precision? Recall{ Fl-score 1
ResNet50 87.96% 85.48% 84.20% 84.27%
Inception V3 91.67% 91.92% 91.62% 91.63%
EfficientNet-B0 94.91% 95.55% 94.87% 94.90%

5.2. Gemini-Based Food Weight Estimation

We evaluated the Gemini multimodal large language model (MM-LLM) for food portion weight
estimation using mean absolute error (MAE) and root mean squared error (RMSE), defined as:

1Y _
MAE = < ;|wi — ;| (21)

w; is the true food weight, @; is the estimated weight, and N is the number of test samples.

RMSE = N Y (w; —@;) (22)

RMSE penalizes larger estimation errors more strongly by squaring the difference between true and
estimated weights. Across the test set, the model achieved an MAE of 12.27 g and an RMSE of 15.11 g,
indicating that most estimates were within a practically acceptable range for real-world smartphone
images. Figure 11 shows that estimation accuracy remains stable across varying dataset sizes, while
Figure 12 illustrates a symmetric error distribution centered near zero. These results highlight the
inherent uncertainty of single-image portion estimation and justify the system’s mandatory user
confirmation step.
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Figure 11. Weight estimation performance versus dataset size.
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Figure 12. Weight estimation error distribution.
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5.3. System Deployment and End-to-End Evaluation on the AIDCARE Platform

The complete Al-assisted pipeline was integrated into the AIDCARE platform and evaluated
under realistic usage contexts. From an end-to-end perspective, the final insulin recommendation can
be explained as a function of estimated carbohydrates and clinical parameters:

(23)

( CBG — TBG)
+ max{ 0, ———

C
Utotal = IC_R ISF

C is the estimated carbohydrate amount, ICR is the insulin-to-carbohydrate ratio, CBG is current
blood glucose, TBG is target blood glucose, and ISF is the insulin sensitivity factor. Figures 13 and
14 demonstrate the deployed workflow. In the illustrated example, a meal of Mant: was correctly
classified, its portion estimated at 190 g, resulting in 56.45 g of carbohydrates and a suggested bolus of
5.72 units. The mandatory user confirmation step ensures that all insulin guidance remains advisory
and under user and clinician control.

Add Meal
Manual Add

+, Al Analysm

[2) Take with Camera

Cancel |™ cChoose from Gallery
i A = 2 L A =] 2
Home Home

Figure 13. Food photo upload interface: manual or Al-based entry options and camera- or gallery-based food
image input.
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Figure 14. Food recognition, nutrient estimation, and insulin bolus decision-support results.

5.4. Discussion

Our Al hybrid decision support system combined image-based food category recognition, esti-
mation of nutrients, and personalized insulin bolus guidance for self-management of patients having
diabetes. The investigational outlook indicate that DL models can classify meal categories more
accurately using a single image of the food. This method provided a concrete initial point for precise
carbohydrate count and insulin guidance. Among the classification DL models of we tried, EfficientNet-
B0 provided the finest scores with 94.91% validation accuracy, 95.55% precision, 94.87% recall, and
94.90% F1-score. As compared to ResNet50 and Inception V3, EfficientNet-BO also provided better
results at lower computational cost. After recognizing food categories, portion sizes were estimated
using MLLM (Gemini Image API). A significant attention for any image-based system in diabetes
care is how carbohydrate estimate errors spread to insulin dosing. In our dataset, a 15g weight error
characteristically interpreted to 1—5g of carbohydrate deviance changing by food thickness. For food
substances with moderate carb (around 20g carbohydrates per 100g), a 15g portion miscalculate leads
to approximately 3g extra or missing carbs. Supposing a normal Insulin-to-Carbohydrate Ratio (ICR)
of 1:10g/U, this would cause an insulin adjustment of about 0.3 units. In a clinical environment, such
small differences typically fall well within the boundaries of safe margins for bolus. To additional
protect users, AIDCARE system entails active review and possible correction of the detected food and
portion estimation before displaying any insulin recommendation. This human-in-the-loop module
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shadows well-known unsurpassed practices for Al-assisted clinical decision support and support to
mitigate the impact of infrequent errors. Notwithstanding the strengths presented by these procedures,
there are some limitations. The portion approximation presently uses a general-purpose multimodal
model and task-specific fine-tuning on annotated portion datasets. While technical feasibility and low
error rates are promising, the true test will come from larger-scale clinical studies examining long-term
effects on HbAlc, hypoglycemia rates, and sustained user engagement. From a mathematical modeling
perspective, the present bolus formulation should be interpreted as a first-order advisory model. It
does not explicitly account for insulin-on-board, physical activity, delayed fat/protein effects, glucose
trend information, or other dynamic physiological factors. Therefore, the proposed equations are
intended to provide an explainable and clinically constrained decision-support rule rather than a fully
autonomous treatment model.

6. Conclusion

We proposed an applied Al decision support system developed particularly for image-based
nutrition inquiry and insulin bolus management to help peoples with routine diabetes self-monitoring
and self-management. Our proposed hybrid system brought together CNN-based food recognition,
and vision-based volume estimation. The system provides dependable carbohydrate calculations based
on image uploaded using mobile phone. It doesn’t depend on resource-intensive 3D reconstruction
or on multiple images. Such features make the system ideal for smart healthcare mobile applications
specially in diverse nutritional environments such as Turkish cuisine. We tested multiple DL models
and among the classification models we tested, EfficientNet-B0 provided the best results with 94.91%
validation accuracy, 95.55% precision, 94.87% recall, and 94.90% F1-score. After recognizing food
categories, portion sizes were estimated using MLLM (Gemini Image API). This method produced
carbohydrate estimations that were precise enough with MAE around 10-15g. We send all the
information to the nutritionist dashboard to cope with human-in-the-loop mechanism to keep the
bolus guidance purely advisory and to ensure it compliance with clinical standards for decision
support rather than fully automated processes.
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Abbreviations

The following abbreviations are used in this manuscript:

AIDCARE Al-assisted Diabetes Care

Al Artificial Intelligence

CNN Convolutional Neural Network

Ccv Computer Vision

DL Deep Learning

ICR Insulin-to-Carbohydrate Ratio

ISF Insulin Sensitivity Factor

MAE Mean Absolute Error

MLLM Multimodal Large Language Model
MoH Ministry of Health

RMSE Root Mean Squared Error
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