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Abstract

Detecting an ingestion environment is an important as-
pect of monitoring dietary intake. It provides insightful in-
formation for dietary assessment. However, it is a challeng-
ing problem where human-based reviewing can be tedious,
and algorithm-based review suffers from data imbalance
and perceptual aliasing problems. To address these issues,
we propose a neural network-based method with a two-
stage training framework that tactfully combines fine-tuning
and transfer learning techniques. Our method is evaluated
on a newly collected dataset called “UA Free Living Study”,
which uses an egocentric wearable camera, AIM-2 sensor,
to simulate food consumption in free-living conditions. The
proposed training framework is applied to common neural
network backbones, combined with approaches in the gen-
eral imbalanced classification field. Experimental results
on the collected dataset show that our proposed method
for automatic ingestion environment recognition success-
fully addresses the challenging data imbalance problem in
the dataset and achieves a promising overall classification
accuracy of 96.63%.

1. Introduction

Most recent dietary assessment research mainly focuses on

monitoring the intake of energy and nutrients in individuals’

diets [17, 22, 44, 47]. However, understanding ingestion

behavior, including the impact of the environment and so-

cial context, is a relatively new and under-explored aspect

of ingestion monitoring. The ingestion environment (see

Fig. 1) impacts the dietary behavior of an individual through

a range of sensory mechanisms related to food intake [50].

For instance, the environment could influence the quantity

of food intake, an individual may consume more foods in

one environment compared to another. Likewise, the phys-

ical posture during food intake may also vary depending on

Figure 1. Compilation of images showcasing various environ-

ments where food may be consumed. The montage is created us-

ing free-living data collected from AIM-2.

the ingestion environment. An individual is more likely to

sit at a table in a restaurant but may sit at a table, lie on a

bed, or sit on a sofa while consuming food at home [3].

The environment can play a vital role in food acceptance.

Meiselman et al. [41] conduct a study demonstrating the im-

pact of the ingestion environment on food acceptance. The

participants were asked to rate their acceptance of the meal

by completing a hedonic rating scale. Results show that the

meal ratings varied with the environment, e.g., meals are

most liked in the restaurant and least liked in the cafeteria.

A more recent study [18] examined how location and table

settings affect people’s willingness to eat food revealed that

participants were substantially more likely to consume food

presented on a gourmet table (which is typical in restau-

rants) than on a home-style table and plastic tray.

The ingestion environment can also influence the type

of food consumed. Bauer et al. [1] have shown that food

choices made out-of-home are often less consistent with
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people’s dietary plans, and eating out-of-home may be

one of the main reasons for the failure of dietary goals.

Claessens et al. [6] also indicate that people’s eating choices

in restaurants are typically unhealthier and less sustainable

than at home; their survey has shown that healthiness is

the most important consideration for choosing home meals

while being the third most important factor for choosing

restaurant meals. Another recent study [3] investigated the

distribution of eating locations for breakfast, lunch, dinner,

and snacks and showed that the study participants tend to

have more snacks in vehicles.

Compared to other aspects of measurement such as eat-

ing activity detection and dietary composition/energy esti-

mation, ingestion environment recognition is still an under-

explored area. A relevant study by Gemming et al. [19] used

a wearable camera to capture and categorize environmental

and social contexts to understand food intake behavior. The

authors used the SenseCam wearable camera [53] to cap-

ture eating episodes by monitoring activity throughout the

day. The images of the eating episode were manually anno-

tated by two researchers, marking the eating location, exter-

nal environment, physical position, social interaction, and

viewing of media screens. The study reported that the dura-

tion of food intake varied with different food locations, such

as home, workplace, and restaurant whereas the longest eat-

ing episodes tended to occur in restaurants and the shortest

in the workplace.

An analysis of many previous studies is conducted by

manually reviewing self-report questionnaires and images,

however, this may not be an optimal solution. Self-reported

data are subject to misreporting. A study from Thea and

Mortel [53] reported that participants tend to present a fa-

vorable image of themselves when completing question-

naires that elicit an evaluative response. In addition, man-

ual review of dietary images [45, 46] is time-consuming

and subject to human error. Furthermore, egocentric wear-

able cameras such as eButton [51] and SensCam operate

throughout the day, capturing 4,000 to 6,000 images, while

only less than 20% of the images are relevant to eating

events. For all of these egocentric cameras, an automatic

method for ingestion environment recognition is needed to

facilitate further studies on the influence of the environment

on dietary activities.

To successfully design a framework for the eating envi-

ronment recognition, we need to first define the major chal-

lenges within the task. In comparison to the standard en-

vironment recognition problem, eating environment recog-

nition has majorly suffered from limited publicly available

datasets, perceptual aliasing, and most importantly, severe

data imbalance. Although there are more public datasets

for food-related tasks, they seldom provide the environment

ground truth labels while food environment-related datasets

are hard to get published due to privacy concerns with the

Figure 2. AIM-2, an egocentric wearable camera that monitors

ingestion behavior.

egocentric view. In addition, images of different environ-

ments may look similar [15], such as the dining room of a

house and the table setting of a restaurant. Also, the eat-

ing scene’s distribution may be imbalanced [3], with most

consumption taking place at home and less consumption at

other locations. Furthermore, the first two issues could ex-

acerbate the impact of data imbalance because the limited

dataset size and significant inter-class similarity impose a

greater burden on the training of a classifier.

A recent study of automatic eating environment classifi-

cation [40] has proposed a VGG network-based hierarchi-

cal method to automatically classify 15 food-related scenes

with an overall accuracy of 56%. However, their method

still requires a manual selection of eating episodes from

recorded day photo streams and fails to address the chal-

lenges mentioned above.

In this paper, we propose to address the recognition of

the ingestion environment by automatically detecting eat-

ing episodes through the use of a food intake sensor, AIM-

2 [14], and the associated neural network-based classifica-

tion framework that specifically targets the aforementioned

challenges.

Our contributions are summarized as follows:

1. We identify major challenges in ingestion environment

recognition and propose a simple, general, and effective

deep-learning-based framework for addressing them.

2. We collect and analyze a dataset, UA Free Living Study,

comprised of unrestricted ad-libitum food consumption

for automatic recognition of ingestion environment us-

ing an egocentric wearable sensor.

3. We conduct various experiments on the collected dataset

to verify the performance of the proposed method and

show the advantage over generic techniques for imbal-

anced classification.

2. Related works
2.1. Environment Recognition

Multiple computer vision/early deep learning algorithms re-

lated to environment recognition were reviewed in [38].

Before the era of deep learning, researchers in traditional
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computer vision and robotics attempted to address the is-

sue of perceptual aliasing by using local and global feature

descriptors. The local descriptors operate as a two-stage

process of feature extraction and recognition. Feature de-

scriptors such as SIFT [37] (scale-invariant feature trans-

form) and SURF [2] (speeded-up robust features) are used

to extract features and detect objects in an image. Similarly,

global feature descriptor-based methods also operate as a

two-stage process. Feature descriptors such as color his-

tograms, descriptor-based PCA [29] (principal component

analysis), and histogram of oriented gradients [11] methods

are used to process the entire image and capture edges, cor-

ners, and color patches. The features are processed using

machine learning methods such as SVM [7] (support vector

machine). However, with the progress of network design

and training, neural network-based environment recognition

has achieved better accuracy than traditional methods since

it is more powerful at effectively extracting classification-

related features. Multiple network architectures such as

VGG16 [48], ResNet [25], ConvNeXt [36] and Vision

Transfomer [12, 34] may be used to address environment

recognition and classification problem. Among these ar-

chitectures, the transformer-based methods have achieved

the best overall performance. In this work, we select three

representative network architectures as the backbone of the

proposed framework, which are ResNet, ConvNeXt, and

Swin transformer.

2.2. Imbalanced Classification

Imbalanced data is a challenging issue for classification

where the number of samples belonging to different classes

is largely different [4, 23, 54]. This problem, if not care-

fully addressed, often leads to unsatisfactory prediction ac-

curacy on test data, especially for minority classes (classes

that contain fewer samples). There are many general ap-

proaches proposed for training deep networks on an imbal-

anced dataset. Class re-balancing is a major paradigm in

imbalanced learning and there are two widely-used effec-

tive categories of methods that belong to this paradigm, one

is resampling [5, 21, 24, 33, 55] and another is weighted

loss function [8, 32, 39, 52]. The resampling strategy is ba-

sically to re-assign the probability of the sample from each

class to be presented in the training mini-batch. Samples

from the minority class will appear with a higher probabil-

ity while samples from the majority class will appear with

a lower probability. The weighted loss function is used to

adjust the training loss values for different classes by assign-

ing them different weights corresponding to the number of

samples in the class. The weighted loss has larger gradi-

ents from minority class samples and thus encourages the

model to be more adaptive for learning features from mi-

nority classes. There are also other efforts for solving this

challenging problem such as information augmentation [30]

and improvement on network module design [26]. In this

work, we adopt two most widely used approaches, random

resampling and weighted cross-entropy loss. We conduct

experiments to verify our proposed framework has achieved

a better performance boost while also maintaining a positive

interaction with both approaches.

3. Dataset
In this section, we introduce how we collect and construct

the dataset we need to perform automatic recognition of eat-

ing events, such as meals and snacks.

3.1. Sensor System

The sensor system used for the method development is the

Automatic Ingestion Monitor, version 2 (AIM-2) [14], a

second-generation egocentric wearable (Fig. 2) for moni-

toring dietary intake and eating behavior.

3.2. Data Collection

We collected experimental data from thirty volunteer par-

ticipants (65% males and 35% females, aged 18 to 39 years

old). The University of Alabama institutional review board

approved the study, and participants were compensated for

their participation. The subjects represented four races,

non-Hispanic, African American, Asian, and Hispanic. The

experiment was conducted in two parts: a controlled labo-

ratory experiment and a free-living experiment.

For this study, we used the data from the free-living ex-

periment. The participants were asked to wear the AIM-2

sensor for the entire day, follow their normal daily activities,

and have at least a single meal at a place of their choice. The

participants wore the device for 8.5 to 15.75 hours. The par-

ticipants were not limited to any social/personal interaction,

activities (except for those they considered private or water-

based activities), consumption of particular food types, or

how the food type was consumed.

The participants were asked to self-report all eating

events (both solids and liquids) using the ASA24 [31] (Au-

tomated Self-Administered 24) in food diary mode after

completing the day of AIM-2 monitoring during free-living.

In total, the participants consumed 89 meals in four dif-

ferent environments: vehicle, home, restaurant, and work-

place. We corrected the falsely reported self-assessment

data by using the self-reporting data correction approach

described by Giacchi et al. [20]. We performed the ex-

pert review for the entire dataset as our population was

significantly smaller compared to the population reported

in [20]. During the expert review, we reviewed each image

sequence including images before, after, and during the eat-

ing episode to determine the actual ingestion environment.

After this, we made corrections to the self-reported inges-

tion environment, see more details of the construction of the

dataset in supplementary materials.
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Figure 3. Description of the proposed method for automatic ingestion environment recognition.

Table 1. Sample distribution in the dataset

Vehicle Home Restaurant Workplace

Percentage at seq-level 2.2% 71.9% 11.3% 14.6%

Percentage at img-level 2.0% 67.0% 13.6% 17.4%

3.3. Statistics and Challenges

After labeling the eating environment, we constructed the

dataset for training and testing the proposed method. How-

ever, as we discussed in Section 1, the ingestion environ-

ment recognition task contains several inherent issues that

require specific considerations in designing methods for it.

First, the number of samples in each class is very imbal-

anced (see Table 1) with the ratio between the major class

and minor class being 35. This severe data-imbalanced

problem is an inherent issue as most people consume more

meals at home and consume fewer meals in other places.

The imbalance issue of the dataset introduces unfair favors

of the classifier towards the majority class and ignorance

toward the minority class.

Second, the total number of sequences and images col-

lected in our dataset is limited, with only 89 sequences and

5,351 images. The size of the dataset makes the imbalance

issue more difficult to handle since normal methods may

introduce overfitting in training toward the minority class.

In addition, the dataset is egocentric, which is different

than general classification datasets (e.g. ImageNet [10] and

Place365 [56]). The egocentric sequence may bear great

inter-class similarity due to their viewpoint. For example,

when the participant is looking directly at the food, it may

be hard to distinguish between “Home” and “Restaurant”

since the scene captured may only contain a table with food

on it with limited background information.

The aforementioned problems make our dataset even

more challenging compared to the normal imbalanced

datasets. In the experiments, we show that chosen gen-

eral techniques for addressing data imbalanced classifica-

tion may not directly work well for our dataset.

In Section 4, we introduce an automatic scene recogni-

tion method with a two-stage training framework that ad-

dresses the challenging issue in the proposed dataset.

4. Method

In this paper, we choose to perform neural network-based

scene recognition. We select ResNet [25], ConvNeXt [35]

and Swin transformer [34] as our representative network

backbones. Note that our method is not restricted to the

special design of any general classification architectures and

thus can be easily adapted to other network backbones.

4.1. Overall Design

The overall architecture of the proposed automatic scene

recognition method is shown in Fig. 3. We use sensor-

captured signals to determine the start time and end time

of eating episodes [13, 16] (more details in supplementary

materials). Note that the network used in the figure is al-

ready trained and finetuned with the proposed framework.

As mentioned in Section 3.3, the collected dataset only

contains a limited number of samples and has severe data

imbalance issues. To address the challenges introduced

by the dataset, we propose a two-stage drop-then-maintain

training framework that tactfully adopts the techniques from

the finetuning and transfer-learning field to achieve bal-

anced training with more training samples.

We propose to drop the feature classifier (see definition

in the next sub-section) in the first stage while finetuning the

model on Places365 database [56] and maintain the feature

classifier while finetuning the model on our dataset, which

we referred to as the drop-then-maintain strategy. To enable

the second stage of training, we need to additionally process

the Place365 database using a semantic-based class filtering

and merging.

It is worth noting that the drop strategy is well estab-

lished and used in the transfer-learning field on the classi-

fication task while the maintain strategy is commonly used

in other tasks like image restoration when finetuning is use-

ful. However, our proposed drop-then-maintain strategy is

less explored, and to the best of our knowledge, the first one

to be proposed and applied to the environment recognition

field which successfully addresses the inherent challenges

mentioned before.

The strategy is designed based on our previous analysis

of challenges. In addition, experiments verified its effec-
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Figure 4. Two-stage drop-then-maintain training framework. After the ImageNet pretraining, the feature classifier g1 is dropped and

replaced by g2 (since the number of classes has changed from 1,000 to 4), and g2 can remain from stage 1 to stage 2 because of the

semantic-based class filtering and merging we performed to Place365 dataset.

tiveness against the simple drop strategy or maintain strat-

egy and showed that this tactful combination of the two is

helpful and necessary.

4.2. Method Formulation

For any general classification network, we can partition

them into two major functional parts: feature extractor and

feature classifier, where the classifier is the last fully con-

nected layer in the neural network that utilizes highly con-

densed information extracted by the feature extractor (all

previous layers) to perform the classification. The feature

extractor can be viewed as a function that maps from im-

age space to feature space, and the feature classifier can be

viewed as a function that maps from feature space to label

space, which can be formulated as follows:

f : RH×W×3 �→ R
C (1)

g : RC �→ R
N (2)

where f denotes the feature extractor, g denotes the feature

classifier that predicts class probabilities, H and W are the

height and width of the input image, C is the feature di-

mension, and N is the number of classes. Using f and g,

the classification network can be abstracted as a composed

function that maps from image space to label space:

g ◦ f : RH×W×3 �→ R
N (3)

In normal transfer learning for classification, the feature

classifier g is often dropped and replaced by a new classifier

that has the same output dimension as the number of target

classes while only the feature extractor is transferred. This

is a common practice in the field and has been used in [56]

and [40].

However, we argue that this is sub-optimal for food envi-

ronment classification since training new feature classifiers

on these datasets suffers a strong bias towards the major-

ity class (i.e., “Home”). To train a powerful feature extrac-

tor and a robust feature classifier, we believe our proposed

drop-then-maintain strategy is necessary.

In the next sub-section, we will go into the details of our

proposed two-stage drop-then-maintain training framework

that utilizes semantic-based class filtering and merging.

Place365 Database 
(365 classes)

• car interior

• dining room

• dorm room

• galley

• home office

• home theater

• kitchen
• television room
• living room

• banquet hall
• bar

• cafeteria

• dining hall

• fastfood restaurant

• food court
• restaurant

• office

• office_cubicles

Place365 Filtered
(18 classes)

Place365-ours
(4 classes)

Vehicle

Home

Restaurant

Workplace

Filter Merge

Figure 5. Semantic-based dataset filtering and merging.

4.3. Training Scheme

To address the data imbalance problem, a straightforward

but effective approach is to increase the number of training

data [28]. We adopt a two-stage training strategy to max-

imize the utilization of the public dataset to increase the

numbers of data in the whole training process, see Fig. 4.

Dataset selection: We identify two public datasets that

may benefit the performance of the model, one is Ima-

geNet [9], and another is Place365 [56].

ImageNet contains 1,000 classes that are different from

the four classes we are interested in. Due to its large vol-

ume, we consider using the pre-trained model on it since it

helps to improve the ability of the feature extractor f . It

has been shown that pre-training on ImageNet can gener-

ally fasten the converging speed of the classification model

as well as improve its performance [27].

Besides, it is also worthwhile to utilize the Place365

dataset, which is targeted for general scene recognition
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tasks. Since Place365 contains relevant classes to our tar-

get classes, we expect it helpful for improving the perfor-

mance of feature classifier g. As mentioned before, we

want to train g on Place365 and finetune it on our dataset

without dropping and retraining a new classifier. How-

ever, the maintaining strategy requires the class match be-

tween two datasets and the Place365 dataset has many more

classes than our dataset. This is where semantic-based class

filtering and merging come into play, which ensures both

a semantic and dimensional match between the processed

Place365 dataset and our collected dataset.

Semantic-based class filtering and merging: To ful-

fill the semantic match and keep the output dimension con-

sistent for the feature classifier g, we propose a semantic-

based class filtering and merging strategy to pre-process the

Place365 dataset. First, we identify the relevant classes in

the dataset and then discard all the irrelevant classes. After

dataset filtering, we merge the remaining classes into four

groups in a semantic manner as described in Fig. 5. Af-

ter filtering and merging, the Place365 dataset has the same

number and semantic meaning of classes as our dataset,

which we refer to as Place365-ours. The Place365-ours

is not perfectly balanced but significantly better than our

dataset since the ratio between major class and minor class

drops from 35 to 8. Besides, the semantic-matched train-

ing samples can further increase the intra-class diversity to

improve the generalizability of the model.

Two-stage drop-then-maintain training: To utilize the

Imagenet and Place365-ours datasets to improve both the

feature extractor f and feature classifier g. We first train

the model on Place365-ours with an ImageNet pre-trained

feature extractor f1 along with a randomly initialized fea-

ture classifier g2, note that the ImageNet pre-trained feature

classifier g1 is dropped here. Then, we train the model on

our dataset with both the pre-trained feature extractor and

feature classifier obtained from the first stage training (see

Fig. 4). Note that f1 is transferred through both stages while

g1 is dropped out at the first stage and g2 is maintained at

the second stage. This setting maximizes the utilization of

ImageNet and Place365-ours to train a powerful and repre-

sentative feature extractor and a less biased robust feature

classifier.

In both stages of training, we do not freeze the weights

of any layers so that the update of the gradient is passed

through all layers. We want to finetune both the feature

extractor and feature classifier to address the potential do-

main shift issue between Imagenet, Place365-ours, and our

dataset.

4.4. Approaches for Imbalanced Classification

We additionally include two approaches for imbalanced

classification in our training stage and compare the perfor-

mance boost in the experiment section.

Weighted loss function: We utilized the weighted cross-

entropy loss in our model, where the weights are based on

the inverse of the sample sizes of each class.

Resampling strategy: We apply the resampling strategy

using both over-sampling and under-sampling to ensure the

four classes have the same probability of appearing in one

training mini-batch.

5. Experiment and Analysis

In this section, we report the results of our proposed method

and compare it to three Baseline methods:

Baseline 0 (direct, or DR): Use ImageNet pre-trained

model, directly finetune on our dataset.

Baseline 1 (weighted loss, or WL): Baseline 0 with the

weighted loss used in finetuning.

Baseline 2 (resampling, or RS): Baseline 0 with the re-

sampling technique used in finetuning.

Ours: Use the proposed two-stage training scheme, re-

sampling and weighted loss are not applied.

Ours (WL): Use the proposed two-stage training

scheme together with the weighted loss in the second stage.

Ours (RS): Use the proposed two-stage training scheme

together with the resampling in the second stage.

By comparing our proposed method with Baselines 0, 1,

and 2, we can verify if the proposed method can mitigate

the data imbalance problem in the collected dataset and im-

prove the overall performance of the classifier.

Due to the limited number of data samples in the dataset,

we adopt the k-fold cross-validation [49] technique to uti-

lize all the data for more reliable performance estimation.

In our experiment, we empirically set k to 5 to balance the

computation cost for each setting. See more details in the

supplementary material.

5.1. Evaluation Metrics

Since the goal of our method is to recognize the environ-

ment associated with eating activities, we use sequence-

level accuracy instead of frame-level accuracy. The top-1

prediction result for each frame in a meal sequence is ag-

gregated using majority voting to select the class label for

this sequence (See Fig. 6).

Frame-level Classifier Majority Votingr

Figure 6. Process of generating the class label for each meal se-

quence, fn ∈ R
F×H×W×3 is the frames within one meal, Ln ∈

R
F×1 is the top-1 prediction for each frame and LPred

s ∈ R
1 is

the final label for this sequence
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Table 2. Main Result: Overall Performance

Architectures Model Paras. Method Seq-level Acc Macro Precision Macro Recall Macro F1

ResNet 42.51M

Baseline 0 (DR) 88.76 67.64 59.42 62.67

Baseline 1 (WL) 88.76 60.90 64.01 62.04

Baseline 2 (RS) 86.52 61.15 55.95 57.45

Ours 89.89 90.06 72.30 78.00

Ours (WL) 91.01 90.99 74.80 80.20

Ours (RS) 92.13 91.58 76.72 81.37

ConvNeXt 87.58M

Baseline 0 (DR) 89.89 64.59 63.45 63.95

Baseline 1 (WL) 87.64 61.65 60.56 60.76

Baseline 2 (RS) 88.76 62.34 63.06 62.69

Ours 92.13 93.69 73.08 80.17

Ours (WL) 94.38 94.28 81.72 85.82
Ours (RS) 94.38 92.14 81.72 84.54

Swin transformer 86.75M

Baseline 0 (DR) 91.01 65.35 65.37 65.27

Baseline 1 (WL) 91.01 64.40 65.37 64.73

Baseline 2 (RS) 91.01 68.66 63.84 65.91

Ours 94.38 95.29 80.19 85.34

Ours (WL) 96.63 95.31 84.61 87.57
Ours (RS) 96.63 95.31 84.61 87.57

The sequence-level accuracy (SLA) is defined as (4)

SLA =
S

N
(4)

S denotes the number of correctly classified sequences

(meals), and N denotes the total number of meals.

For the evaluation of the proposed ingestion environ-

ment recognition method, we use imbalance accuracy met-

rics [42] such as macro-average precision, recall, and F1-

score [43]. See definitions in the supplementary material.

5.2. Main Result

Overall performance: The overall performance of the

baseline methods and our proposed methods are summa-

rized in Table 2. We report the sequence-level accuracy (af-

ter majority voting in each sequence) and the macro-average

metrics for three different network backbones. The best re-

sults for each network backbone are bolded.

As reported in Table 2, comparing the proposed two-

stage training scheme (Ours) to Baselines 0, 1, and 2, it

is noted that applying weight loss functions or resampling

(Baseline 1 or Baseline 2) does not help improve the perfor-

mance for normal finetuning (direct finetune on our dataset).

In contrast, our method achieves better overall performance

with better sequence-level accuracy and much better macro-

average metrics. As we see later in Table 3, Baselines 1 and

2 cannot predict the “Vehicle” class correctly.

Due to severe data imbalance and limited training sam-

ple, simple re-weighting (WL/RS) can cause overfitting

of limited ”Vehicle” class data for the feature classifier

g. However, by effectively incorporating more training

samples from the Place365-ours dataset utilizing our pro-

posed drop-then-maintain strategy, the severe data imbal-

ance problem is alleviated with more training samples and

the improvement of intra-class diversity in minority classes.

Results (Ours) on all network backbones get a significant

performance boost in all evaluation metrics. It is worth not-

ing that the macro-average metrics of the model show even

more improvement.

Ours (WL) and Ours (RS) achieve better performance

in all metrics compared to Baselines 1, 2, and Ours, which

shows a positive interaction between both approaches and

our proposed framework. The aforementioned overfitting

problem is alleviated here since more relevant training sam-

ples are included for training a less biased feature classifier

using Place365-ours, which is made possible by the pro-

posed semantic-based class filtering and merging. This re-

sult further verifies our previous argument of the necessity

of the two-stage drop-then-maintain training strategy.

Performance on the minority class: Since our dataset

has a severe data imbalance problem where the least repre-

sented class “Vehicle” only contains 2 sequences, we want

to further verify if our proposed method can help to im-

prove the classification accuracy for it. We report the class

accuracy for “Vehicle” in Tabel 3. We can see that all of

the Baseline methods 0, 1, and 2 fail to predict the minor-

ity class “Vehicle”. Even though baseline methods 1 and

2 have utilized weighted loss and resampling techniques to

mitigate the negative influence of lacking training samples

in the minority class, they still suffer from the overfitting

problem since the number of training samples is too small

for the model to capture the general characteristic of data
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Table 3. Main Result: Minority Class Accuracy

Sequence-level Accuracy (%) for Vehicle

Baseline Method Our MethodArchitecture

DR WL RS Ours +WL +RS

ResNet 0.00 0.00 0.00 50.00 50.00 50.00

ConvNeXt 0.00 0.00 0.00 50.00 50.00 50.00

Swin transformer 0.00 0.00 0.00 50.00 50.00 50.00

Table 4. Dataset Utilization of Training Strategies

Dataset Utilization

ImageNet Place365-Ours Our dataset

Strategy 1 �
Strategy 2 � �
Strategy 3 � �
Strategy 4 � � �

Table 5. Different Training Strategies: Overall Performance

ResNet ConvNeXt Swin transformer

Acc F1 Acc F1 Acc F1

Strategy 1 77.53 39.34 73.03 28.74 78.65 42.28

Strategy 2 85.39 56.87 88.76 61.15 88.76 77.21

Strategy 3 82.02 69.42 89.89 79.20 89.89 81.02

Strategy 4 89.89 78.00 92.13 80.17 94.38 85.34
F1 score is the macro-average F1 score calculated from the confusion

matrix for each result.

Table 6. Maintaining Strategy for Feature Classifier

ResNet ConvNeXt Swin transformer

Acc F1 Acc F1 Acc F1

Ours w/o M 88.76 61.67 85.39 54.69 87.64 58.96

Ours w/ M 89.89 78.00 92.13 80.17 94.38 85.34

F1 score is the macro-average F1 score calculated from the confusion

matrix for each result. M denotes the maintaining of the feature clas-

sifier.

distribution for “Vehicle” class.

However, by incorporating more relevant training sam-

ples from Place365-ours, the proposed method can classify

the eating scene for the “Vehicle” class. This is consistent

through all network architectures. The large intra-class dif-

ference in our dataset is the main reason for the inability to

correctly classify both two sequences labeled as “Vehicle”.

In our dataset, one “Vehicle” sequence is captured on the

front seat of a family car while another sequence is captured

on a bus. Since the second stage of training (on our dataset)

uses one sequence for training and another for testing, the

model learning to classify the environment on a family car

may fail to classify the environment on a bus and vice versa.

The significant improvement in classification accuracy

in the minority class can further verify that our proposed

method helps handle the inherent data imbalance problem

existing in eating scene recognition tasks.

5.3. Ablation Studies

Additional datasets: Since we have two additional datasets

(ImageNet and Place365-Ours) that are used for training our

model, there are four training strategies presented in the ex-

periments to explore the effectiveness of including the addi-

tional datasets. Table 4 summarizes the differences between

the four training strategies. See the description of strategies

in the supplementary material.

From Table 5, we observe that strategy 4, the proposed

method, is the best training strategy since it achieves the

highest accuracy and Macro-Average F1 score for all net-

work architectures. This is expected since the proposed

two-stage training strategy optimally utilizes two additional

datasets as well as our dataset for improving performance.

Maintaining of feature classifier: As mentioned in Sec-

tion 4.2, we maintain the feature classifier g from stage 1 to

stage 2 instead of dropping it (enabled by semantic-based

class filtering and merging). We verify the strategy and see

results in Table 6.

We observe a significant improvement in sequence-level

accuracy and even more improvement in macro-average F1

score by maintaining the feature classifier g for the sec-

ond stage of training. The classifier is much more robust

to data imbalance issues, demonstrating the effectiveness

of our proposed semantic-based label filtering and merging

that enables the drop-then-maintain strategy.

6. Conclusion
In this paper, we present an automatic ingestion environ-

ment recognition method to aid nutritionists and dietitians

in overcoming the limitations of self-report and manual re-

view of eating scene images. We use the data from the ac-

celerometer and flexible sensor to detect eating episodes

and explore the proposed two-stage drop-then-maintain

training framework on several neural network architectures

to perform scene classification. The experimental results in-

dicate our proposed method outperforms the baseline meth-

ods in both sequence-level accuracy and minority-class ac-

curacy, demonstrating its effectiveness in addressing the

data imbalance problem.

A larger study is planned for the future to extend the

work to more environment categories for a longer duration

of device wear. At the same time, a major advantage of this

study is that the image database is fully natural and con-

tains no staged images or artificially created environments.

Therefore, the performance of the proposed method is rep-

resentative of what is expected in everyday living.

3692



References
[1] Jan M Bauer, Kristian S Nielsen, Wilhelm Hofmann, and

Lucia A Reisch. Healthy eating in the wild: An experience-

sampling study of how food environments and situational

factors shape out-of-home dietary success. Social Science
& Medicine, 299:114869, 2022.

[2] Herbert Bay, Tinne Tuytelaars, and Luc Van Gool. Surf:

Speeded up robust features. Lecture notes in computer sci-
ence, 3951:404–417, 2006.

[3] Matthew Breit, Jonathan Padia, Tyson Marden, Dan For-

jan, Pan Zhaoxing, Wenru Zhou, Tonmoy Ghosh, Graham

Thomas, Megan A McCrory, Edward Sazonov, et al. The

spectrum of eating environments encountered in free living

adults documented using a passive capture food intake wear-

able device. Frontiers in Nutrition, 10:1119542, 2023.

[4] Kaidi Cao, Colin Wei, Adrien Gaidon, Nikos Arechiga,

and Tengyu Ma. Learning imbalanced datasets with label-

distribution-aware margin loss. Advances in neural informa-
tion processing systems, 32, 2019.

[5] Nitesh V Chawla, Kevin W Bowyer, Lawrence O Hall, and

W Philip Kegelmeyer. Smote: synthetic minority over-

sampling technique. Journal of artificial intelligence re-
search, 16:321–357, 2002.

[6] Iris WH Claessens, Marleen Gillebaart, and Denise TD de

Ridder. Personal values, motives, and healthy and sustain-

able food choices: Examining differences between home

meals and restaurant meals. Appetite, 182:106432, 2023.

[7] Corinna Cortes and Vladimir Vapnik. Support-vector net-

works. Machine learning, 20(3):273–297, 1995.

[8] Yin Cui, Menglin Jia, Tsung-Yi Lin, Yang Song, and Serge

Belongie. Class-balanced loss based on effective number of

samples. Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 9268–9277,

2019.

[9] J. Deng, W. Dong, R. Socher, L. Li, K. Li, and F. Li. Ima-

genet: A large-scale hierarchical image database. Proceed-
ings of the IEEE conference on Computer Vision and Pattern
Recognition, pages 248–255, 2009.

[10] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li,

and Li Fei-Fei. Imagenet: A large-scale hierarchical image

database. IEEE Conference on Computer Vision and Pattern
Recognition, pages 248–255, 2009.

[11] Oscar Déniz, Gloria Bueno, Jesús Salido, and Fernando
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