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Evaluation of the Detectron? framework for Instance
Segmentation of Multi-Component Meal Images

Ayodeji Michael Adedeji
x23170476

Abstract

The task of instance segmentation of multi-component meal images presents a
unique challenge due to the complex visual characteristics of certain food compon-
ents, such as small areas, complex boundaries and the lack of visual distinction
between food components. These challenges are further complicated by the di-
versity of food globally, with di erences in preparation and presentation. This study
uses a multi-stage segmentation approach with the Detectron2 framework on two
multi-component meal image datasets, UECFOODPIXComplete and FoodSeg103,
to assess the framework’s suitability at the task of instance segmentation for multi-
component meal images. Experimental results showed the framework achieved a
mean average precision score of 36.4% for the UECFOODPIXComplete dataset and
20.9% for the FoodSeg103 dataset. This research highlights the framework’s poten-
tial, challenges and areas of improvement at the task of instance segmentation of
multi-component meal images.

1 Introduction

1.1 Background

The rise of advanced computer vision techniques has created more possibilities for in-
novative applications in various domains, including medicine |Park et al.| (2015), aerial
imagery |CV et al. (2023), nutritional and food analysis Wang et al. (2022). One of such
advanced techniques, instance segmentation, an extension of object detection that focuses
on the accurate segmentation of each object in an image, has become well-known for its
ability to detect and segment objects in complex visual scenes. An example of its use
is the segmentation of multi-component meal images, a challenging task with signi cant
e ects for automated dietary assessment, portion control and nutrition monitoring.

Unlike general object detection, instance segmentation in food images requires a com-
plex understanding of overlapping food items, diverse textures, colours and irregular
shapes. The complexity is further increased by varying lighting conditions and the vari-
ability in food presentations and cooking styles. Multi-component meal images consist
of multiple food components, and require e cient segmentation techniques to accurately
detect and segment each food component. This task is essential for applications such as
calorie estimation, automated meal logging, and personalised diet planning, which rely
on the accurate identi cation and quanti cation of food items.



Detectron2, an open-source platform developed by Facebook Al research, has emerged
as a leading framework for object detection and instance segmentation tasks. It of-
fers modular and state of the art architectures with e ective customisation capabilities.
With in-built support for advanced models such as Faster R-CNN and Mask R-CNN,
Detectron2 has shown remarkable performance across various domains such aerial im-
agery, defect detection, mammography. However, its application in the domain of multi-
component meal segmentation remains under-explored. This study seeks to address this
gap by evaluating the performance of the framework at the task of instance segmentation
in multi-component meal images.

This research aims to analyse the performance of the Detectron2 framework, an ad-
vanced object detection and segmentation framework when presented with the unique
challenges of detecting and segmenting individual food components in multi-component
meal images. The goal of this research is to improve automated food recognition techno-
logies, which could help with practical applications like diet tracking and food logging.
This study also intends to o er useful ideas for future research in the ever growing area
of Al-assisted food analysis.

This research would analyse the performance of the Detectron2 framework on two
multi-component meal images datasets namely, FoodSeg103 and UECFOODPIXCom-
plete, two datasets that have been speci cally designed for multi-component meal image
segmentation research.

1.2 Objectives and Research Question

The main objective of this research is to evaluate the performance of the Detectron2
framework using metrics such as mean Average Precision (mAP) and Average Precision
(AP) per-class. To achieve this, the Detectron2 framework would use the Mask R-CNN
model, a model well-known for its instance segmentation capabilities, with a ResNet-101
Backbone for feature extraction. The model is trained on two datasets namely, Food-
Seg103 and UECFoodPixComplete, with both datasets individually comprising of over
7,000 images and their respective masks. By assessing the e ectiveness of the Detectron2
model in accurately segmenting multi-component meal images, this research aims to con-
tribute to the advancements in automated food recognition technologies and providing
insights for future research.

Based on the discussed objectives, this goal of this study is to answer the following
research question: How e ective is the Detectron2 framework at the task of instance
segmentation in multi-component meal images, and what are its limitations at the task?

1.3 Structure of the Report

This report is divided into the following sections: Section one provides an overview of
the research work, the research question and the objective of the research. Section two is
composed of the various related works on instance segmentation, food image analysis and
the applications of Detectron2. Section three is composed of the research methodology, it
focuses on the datasets used and the Detectron2 model. Section four and ve respectively
detail the design speci cations and implementation for the experiment. Section six con-
tains the results and evaluation of the experiment, including a discussion of the results.
Finally, section seven contains the conclusion and future work.



2 Related Work

Various works have been done on instance segmentation and food image analysis, this
section provides insight on the previous and existing works, it also discusses the varied
application of the Detectron2 framework.

2.1 Instance Segmentation

Image segmentation, a subsection of the computer vision, is sub-divided into three tasks:
semantic segmentation, instance segmentation and panoptic segmentation. Semantic seg-
mentation focuses on the assignment of corresponding labels to each object instance in
images, with repeated object instances sharing the same labels Tang et lal. (2021). In-
stance segmentation di ers from semantic segmentation as it focuses on outlining each
object with a bounding box or a segmentation mask, with repeated object instances be-
ing outlined separately. Panoptic segmentation combines both approaches as it assigns a
semantic label and an instance id to each pixel in an image Kirillov et al. (2019).

Existing fully-supervised instance segmentation methods are divided into three cat-
egories based on their number of stages: single-stage, two-stage and multi-stage, Gu
et al, (2022). Two-stage instance segmentation methods are often characterised by se-
guentially predicting object bounding box and segmenting instances within the predicted
object bounding box, a notable examples of this method is Mask R-CNN He et al. (2017).
Despite its strengths, this approach had limitations such as increased inference time due
its sequential process of two-stage instance segmentation methods, asides from this, bad
performance at the bounding box prediction stage often in uenced the segmentation
stage. These limitations led to the development of single-stage and multi-stage instance
segmentation methods.

Single-stage instance segmentation methods focus on the parallel processing of object
detection and mask prediction. It had signi cant advantages as its parallel processing
often led to faster inference time and higher scalability, as discussed py Lin et al. (2020).
However, this single-stage method was still subject to one of the limitations of the two-
stage framework: the dependence of the segmentation stage on accuracy of the bounding
box predictions, notables examples of this method include YOLACT Bolya et al. (2019)
and SoloV2 | Wang et al. |(2020).

Multi-stage instance segmentation methods focus on the sequential re nement of the
results from both the bounding box prediction and segmentation stages Gu et|al. (2022).
The methods employed techniques such as quality scoring and segmentation mask re-
nement were used improve the performance. Some of the multi-stage methods include
Hybrid Task Cascade, a multi-stage framework designed to approach instance segment-
ation by using information from both the object detection and segmentation processes
in various stages to enhance the instance segmentation task Chen et al. (2019). It also
includes a fully convolutional branch, enabling the method with the ability to distinguish
hard foreground objects from cluttered background, another notable mention is Mask
Scoring R-CNN, a method that employs a mask scoring technique to re ne its generated
masks | Huang et al.|(2019).



2.2 Food Image Analysis

Food image analysis is an exciting and growing eld, driven by the need for systems
that can segment and detect food under diverse conditions. The technology plays a
key role in tasks such as diet tracking, calories estimation, and creation of personalized
nutrition plans. However, the task of segmenting and detecting food items in an image
is challenging due to the complexities such as the lack of diverse datasets, overlapping
items, and multi-component meals with varying textures and appearances.

To address these challenges, researchers have not only experimented with di erent
advanced models, with each o ering its unique strengths, but have also worked to create
informational datasets. Datasets such as FoodSegl103 Wu et al. (2021), UECFoodPix-
Complete Okamoto and Yanai (2021), and Food101 Bossard et al. (2014), have been
curated to ful | the need for diverse and detailed datasets for food image analysis.

Wu et al. (2021) developed two food image datasets, FoodSeg103 and FoodSegl154, to
address the lack of high quality food image datasets with accurate ingredient labels and
pixel-wise masks. Additionally, they also developed a segmentation model using a multi-
modality pre-training approach, which was then validated against three baseline semantic
segmentation methods: dilated convolution, feature pyramid, and vision transformer.
However, the dataset exhibited certain limitations, such as high intra-class variance i.e.
the same food items appeared in diverse forms due to factors such as cooking styles and
presentations. Furthermore, some food classes were signi cantly under-represented in the
dataset leading to an imbalance in the dataset.

Wang et al. (2022) noted the limitations of Convolution Neural Network(CNN) at
capturing the speci c characteristics of food images for segmentation tasks and proposed
the development of Swin Transformer-based pyramid network to enhance food segmenta-
tion tasks by capturing richer background and boundary information. The goal was to use
a pyramid pooling module(PPM) that is capable of aggregating contextual information
from various regions of images to improve the feature representation of global information
in the images. The experiment was also conducted with the FoodSeg103 dataset, with the
results demonstrating signi cant improvements over existing traditional CNN models.

With a focus on addressing the speed-accuracy trade-o and limitations of existing
techniques at handling complex shapes, Nguyen et al. (2024) proposed a novel multi-
task neural approach for instance counting, detection and segmentation of food com-
ponents. The approach prioritised real-time performance while maintaining high seg-
mentation quality by using a shared deconvolution sub-network, selective pixel labelling
and parameter-free post-processing to reduce processing time and memory consumption.
The experiment was conducted with the Mixed Dishes, UECFOODPIXComplete and
FoodSegl103 datasets.

2.3 Detectron2 Framework

The Detectron2 framework, developed by Facebook Al Research, is a exible framework
designed for object detection and segmentation tasks. It supports di erent computer
vision needs, such as object detection, semantic segmentation, instance segmentation and
panoptic segmentation. It is equipped with models such as Faster R-CNN, DeepLabV3+,
RetinaNet, Mask R-CNN and Panoptic FPN. Additionally, it o ers advanced capabilities
such as the ability to re ne the segmentation stage of two-stage models, such as Mask
R-CNN with PointRend to improve the mask precision Kirillov et al. (2020).



Detectron2 has been used across various domains, demonstrating its versatility and
e ectiveness in addressing domain-speci ¢ challenges. Butt et al. (2023) discussed the
usage of Detectron2 in bullet hole detection and scoring targets in shooting sports, obtain-
ing a mean Average Precision (mAP) value of 66.4%. In the security domain, Wadhwa
et al. (2023) used the framework for crowd counting.

Other applications include work by Rashmi et al. (2024), transfer learning was used
to ne-tune a Detectron2 model for cephalometric landmark annotation in radiographic
analysis, addressing needs in the medical imaging domain. In the agricultural sector,
Wang et al. (2023) used Detectron2 for the identi cation of rapeseed pods and its related
attributes. In the manufacturing sector, Anupama et al. (2024) also explored its usage
in car parts image segmentation.

The versatility of the Detectron2 framework in various domains, such as security,
sports, medical imaging, agriculture and manufacturing. Its versatility prompted the
need to evaluate its potential for multi-component meal image analysis, as the accurate
segmentation of varied and overlapping food items is essential for improving automated
food recognition technologies.

3 Methodology

This research uses the Detectron2 framework to design and implement a multi-stage
instance segmentation model for multi-component meal images. The training uses two
comprehensive food datasets: the FoodSeg103 and UECFoodPixComplete datasets. This
section provides a thorough documentation of the critical aspects of the research method-
ology, including detailed descriptions of the datasets used, the preprocessing techniques
applied in preparation for training, and the augmentation techniques used to enhance the
model's capabilities. Additionally, it discusses details of the model con guration, includ-
ing the model's architecture and the loss functions used to guide the model's learning.
Finally, it discusses the training and validation process, including the metrics used to
assess the model's performance.

3.1 Dataset

The e ectiveness of segmentation models in real-world is reliant on the quality of the
datasets used for training and evaluation. For this research, the FoodSeg103 and UEC-
FoodPixComplete datasets were selected. The choice to use both datasets was driven
by the presence of diverse food categories and combined with pixel-level annotations and
real-world meal compositions. These factors, combined with being publicly available,
made both datasets the best choice for the research study.

3.1.1 FoodSegl03

The FoodSeg103 was designed speci cally for food segmentation tasks, it was created as
a subset of a larger FoodSeg154 dataset Wu et al. (2021). The FoodSeg154 includes an
additional subset of Asian images and annotations, while the FoodSeg103 dataset focuses

on Western-style meals. The FoodSegl103 consists of 7,118 images and 103 ingredient
categories with their corresponding segmentation masks. The images were sourced from

an existing recipe dataset called RecipelM Salvador et al. (2017).



Figure 1. Meal images and individual food components in FoodSeg103

The images in the FoodSeg103 dataset were carefully selected based on the following
criteria: 1) Each image should consist of at least two ingredients(from the same or di erent
categories) with a maximum of 16 ingredients; and 2) The ingredients in the image should
be clearly visible and easy to annotate.

The creation of the FoodSeg103 dataset involved the extraction of the ingredient
categories from the RecipelM dataset, a dataset with 800,000 food images, with each
image paired with ingredient labels and cooking recipes. The re nement of the ingredients
categories started with the selection of only the top-124 ingredient categories, before
subsequently consolidating the categories into 103 categories.

The annotation process for the dataset was careful and involved professional annotat-
ors and researchers to ensure high quality annotations. Each image was labelled by one
annotator, it involved the identi cation of the categories of ingredients in an image by a
human annotator, each ingredients are then tagged with the appropriate category label
before drawing the pixel-wise mask. The annotators were informed to ignore tiny image
regions with areas covering less than 5% of the whole image. After the initial annota-
tion phase, a re nement process that involved correction of mislabelled data, removal of
categories present in fewer than ve images and the merger of visually similar categories
was undertaken. The categories were reduced from the initial 124 categories to 103, after
the re nement.

FoodSegl03 captures various scenarios, ranging from images with clear boundaries
between the food components to images with overlapping regions and complex composi-
tions.



Figure 2: Distribution of Test and Train Datasets - FoodSeg103

The dataset is split into two subsets: the train set and the test set. The training set,
which constitutes 70% of the entire dataset, is used for the model training and learning to
extract features and learn patterns e ectively. The test set, consists 10% of the dataset
and serves as the evaluation set, is used to access the model's performance and to test
the model's predictive capabilities to new data.

3.1.2 UECFoodPixComplete

The UECFoodPixComplete Okamoto and Yanai (2021) is a re ned version of the UEC-
FoodPix dataset Ege et al. (2019). Due to being generated automatically from the bound-
ing box annotations, the segmentation masks in the UECFoodPix dataset contained
incomplete segmentation masks on the boundaries of some food regions. The UECFood-
PixComplete dataset was curated to address the limitations of the UECFoodPix dataset
with the addition of high quality and complete segmentation masks. By improving the
annotation quality and introducing pixel-wise segmentation, the UECFoodPixComplete
dataset o ers a better quality dietary image dataset for segmentation research.






	Introduction
	Background
	Objectives and Research Question
	Structure of the Report

	Related Work
	Instance Segmentation
	Food Image Analysis
	Detectron2 Framework

	Methodology
	Dataset
	FoodSeg103
	UECFoodPixComplete

	Data Preprocessing & Augmentation
	Data Preprocessing
	Data Augmentation

	PointRend
	Loss Functions
	Dice Loss
	Focal Loss
	Weighted Cross-Entropy Loss


	Design Specification
	Implementation
	Evaluation
	Experiment 1: Detectron2 and FoodSeg103
	Experiment 2: Detectron2 and UECFoodPixComplete
	Discussion

	Conclusion and Future Work

