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Abstract

Over recent years, emerging interest has occurred in inte-

grating computer vision technology into the retail industry.

Automatic checkout (ACO) is one of the critical problems in

this area which aims to automatically generate the shopping

list from the images of the products to purchase. The main

challenge of this problem comes from the large scale and

the fine-grained nature of the product categories as well as

the difficulty for collecting training images that reflect the

realistic checkout scenarios due to continuous update of the

products. Despite its significant practical and research value,

this problem is not extensively studied in the computer vision

community, largely due to the lack of a high-quality dataset.

To fill this gap, in this work we propose a new dataset to

facilitate relevant research. Our dataset enjoys the following

characteristics: (1) It is by far the largest dataset in terms of

both product image quantity and product categories. (2) It

includes single-product images taken in a controlled environ-

ment and multi-product images taken by the checkout system.

(3) It provides different levels of annotations for the check-

out images. Comparing with the existing datasets, ours is

closer to the realistic setting and can derive a variety of

research problems. Besides the dataset, we also benchmark

the performance on this dataset with various approaches.

1. Introduction
The retail industry requires a huge amount of human labor

and a large percentage of the workload is spent on recog-
nizing products. With the recent development of computer
vision, it becomes increasingly demanding to use image
recognition technologies to automate the products recogni-
tion. As a primary user-case of this trend, automatic check-
out (ACO) which aims to generate the shopping list from
the images of the products to purchase receives emerging
interests. From the image recognition perspective, this prob-
lem is particularly challenging: the number of products in a
supermarket can be huge and the difference between similar
products can be subtle; moreover, since it can be impractical
to collect a large number of training images per product, the

Automatic checkout system

×3

Predicted 
shopping 

list

Total price
$ xx.xx

×3

×1

Figure 1. Illustration of the automatic checkout (ACO) application
scenario. When a customer puts his/her collected products on the
checkout counter, the system will automatically recognize each
product and returns a complete shopping list with total price.

training of the recognition model has to deal with the small
training sample size. Even worse, in some cases, is that we
may only have access to the product images taken in an envi-
ronment different from the deployment scenario and there is
a substantial domain shift from the training set to the test set.
Therefore, the ACO problem can have the characteristic of
large-scale, fine-grained, few-shot and cross-domain. Each
of those factors has been considered to be challenging in the
computer vision literature.

Despite its potential practical and research value, the
ACO problem is not well studied in the computer vision
community. This is largely due to the lack of a high-quality
dataset with a clearly defined setting. To fill this gap, in
this work we propose a new dataset to facilitate future re-
search on this topic. The design of our dataset mimics the
real-world scenarios in ACO. More specifically, it contains
a large number of images and product categories. Some
of the product categories are visually very similar and this
reflects the fine-grained property in the ACO problem. This
dataset also provides images of two different types. One
type is taken in a controlled environment and only contains
a single product. This can correspond to product images on
the advertisement website. Another type represents images
of user-purchased products and these images usually include
multiple products. For the second type of images, we also

1

https://rpc-dataset.github.io/ http://www.weixiushen.com/

RPC

https://rpc-dataset.github.io/
https://rpc-dataset.github.io/
http://www.weixiushen.com/
http://www.weixiushen.com/


000

001

002

003

004

005

006

007

008

009

010

011

012

013

014

015

016

017

018

019

020

021

022

023

024

025

026

027

028

029

030

031

032

033

034

035

036

037

038

039

040

041

042

043

044

045

046

047

048

049

050

051

052

053

054

055

056

057

058

059

060

061

062

063

064

065

066

067

068

069

070

071

072

073

074

075

076

077

078

079

080

081

082

083

084

085

086

087

088

089

090

091

092

093

094

095

096

097

098

099

100

101

102

103

104

105

106

107

CVPR
#3381

CVPR
#3381

CVPR 2019 Submission #3381. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

RPC: A Large-Scale Retail Product Checkout Dataset

Anonymous CVPR submission

Paper ID 3381

Abstract

Over recent years, emerging interest has occurred in inte-

grating computer vision technology into the retail industry.

Automatic checkout (ACO) is one of the critical problems in

this area which aims to automatically generate the shopping

list from the images of the products to purchase. The main

challenge of this problem comes from the large scale and

the fine-grained nature of the product categories as well as

the difficulty for collecting training images that reflect the

realistic checkout scenarios due to continuous update of the

products. Despite its significant practical and research value,

this problem is not extensively studied in the computer vision

community, largely due to the lack of a high-quality dataset.

To fill this gap, in this work we propose a new dataset to

facilitate relevant research. Our dataset enjoys the following

characteristics: (1) It is by far the largest dataset in terms of

both product image quantity and product categories. (2) It

includes single-product images taken in a controlled environ-

ment and multi-product images taken by the checkout system.

(3) It provides different levels of annotations for the check-

out images. Comparing with the existing datasets, ours is

closer to the realistic setting and can derive a variety of

research problems. Besides the dataset, we also benchmark

the performance on this dataset with various approaches.

1. Introduction
The retail industry requires a huge amount of human labor

and a large percentage of the workload is spent on recog-
nizing products. With the recent development of computer
vision, it becomes increasingly demanding to use image
recognition technologies to automate the products recogni-
tion. As a primary user-case of this trend, automatic check-
out (ACO) which aims to generate the shopping list from
the images of the products to purchase receives emerging
interests. From the image recognition perspective, this prob-
lem is particularly challenging: the number of products in a
supermarket can be huge and the difference between similar
products can be subtle; moreover, since it can be impractical
to collect a large number of training images per product, the
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Figure 1. Illustration of the automatic checkout (ACO) application
scenario. When a customer puts his/her collected products on the
checkout counter, the system will automatically recognize each
product and returns a complete shopping list with total price.

training of the recognition model has to deal with the small
training sample size. Even worse, in some cases, is that we
may only have access to the product images taken in an envi-
ronment different from the deployment scenario and there is
a substantial domain shift from the training set to the test set.
Therefore, the ACO problem can have the characteristic of
large-scale, fine-grained, few-shot and cross-domain. Each
of those factors has been considered to be challenging in the
computer vision literature.

Despite its potential practical and research value, the
ACO problem is not well studied in the computer vision
community. This is largely due to the lack of a high-quality
dataset with a clearly defined setting. To fill this gap, in
this work we propose a new dataset to facilitate future re-
search on this topic. The design of our dataset mimics the
real-world scenarios in ACO. More specifically, it contains
a large number of images and product categories. Some
of the product categories are visually very similar and this
reflects the fine-grained property in the ACO problem. This
dataset also provides images of two different types. One
type is taken in a controlled environment and only contains
a single product. This can correspond to product images on
the advertisement website. Another type represents images
of user-purchased products and these images usually include
multiple products. For the second type of images, we also
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Figure 6. Sampled images of totally 200 retail products belonging to 17 meta categories. For each meta category, we select three products
for presentation.

(a) Examples of bottle-like SKUs. (b) Examples of bag-like SKUs.

Figure 7. Sampled images of single products. Note that, for bag-
like and box-like SKUs, we collect both front and back appearance
images.

challenges for ACO system.
We collect 51,499 single-product images for isolated

SKUs as exemplar images and 30,000 checkout images for
ACO system evaluation. Table 1 shows a detailed compari-
son between our RPC dataset and existing relevant datasets.
We introduce the construction details for these two types of
images in the following parts.

Construction for single-product exemplar images:
Fig. 3 shows the collection environment for capturing the
exemplar images. To capture multi-view characteristics for
each isolated SKU, four cameras are mounted in different
positions to capture images from four different views. One
camera covers the top view, one camera covers the hori-
zontal view, and the other two cameras cover the 45� and
30� views, respectively. The cameras are with automatic
focus and capture images with resolution 2592⇥ 1944. We
randomly choose one instance from each SKU and place it
on a turntable which can rotate 360 degrees. Each camera
takes a photo for this SKU every 9 degrees. Thus, we have
4 ⇥ (360/9) = 160 views for each SKU. In addition, for
box-like and bag-like SKUs, because their top view is nor-
mally different from the bottom view, we repeat the above
collecting procedure twice to collect images for both sides.

Figure 8. Collection environment of checkout images. Red rectan-
gle marks the camera, and the blue quadrangle is the white board
as checkout background.

Some example collections from the four cameras are shown
in Fig. 7. In total, we collect 51,181 exemplar images for
200 isolated SKUs.

Construction for checkout images: To capture the check-
out images, the products are placed on a 80cm⇥80cm
white board as background with a camera (with resolution
1800⇥1800) mounted on top. The collection environment is
shown in Fig. 8. Based on the number of SKUs as well as the
number of product instances for each SKU, we collect check-
out images with three clutter levels: i.e., easy, medium
and hard. Table 2 shows the details of the three splits. Gen-
erally, the more products presented on the board, the more
challenging thing is to accurately recognize the whole set of
products due to problems such as occlusion, varying orienta-
tions and complex clutter and density patterns, as shown in
Fig. 4. To capture a checkout image, we mimic the realistic
checkout scenario. Concretely, we select a random set of
SKUs and a random number of product instances for each of
the selected SKUs guided by specific clutter level (Table 2),
and freely place these products onto the board. To capture
comprehensive product combinations, for each clutter level,
we repeat this process 10,000 times to collect 10,000 images.
Thus in total, we collect 30,000 checkout images.
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3. A new dataset for the automatic checkout
(ACO) problem

3.1. Automatic product checkout: a new computer
vision task

This subsection formally defines the problem setting for
the automatic checkout (ACO ) task. To begin with, we will
briefly review the application scenario of the ACO problem.

When a customer puts his/her selected products on the
checkout counter, an ideal ACO system is expected to be able
to accurately recognize each of these products and return
a complete shopping list at one glance, as shown in Fig. 1.
Thus the key of an ACO system is a recognition system
that can accurately predict the presence and count of each
product in an arbitrary product combination. Usually, such
a recognition system is trained with the images captured
at the same environment as the deployment scenario. In
the context of the ACO problem, the training image should
be the one taken at the checkout counter, which captures
a combination of multiple product instances (we call it the
checkout image hereafter). However, due to a large number
of product categories as well as the continuous update of
the stock list, it is infeasible to learn the recognition model
by enumerating all the product combinations. In fact, it is
even impractical to assume that the checkout images cover
every single product on the stock list. A more economical
solution is to train the recognition system by using images
of each isolated product taken in a controlled environment.
Once taken, those images can be reused and distributed to
different deployment scenarios.

Inspired by the above scenario, we formally define the
ACO problem as follows: Given a set of candidate products
P = {pi} and a test image from the test set It 2 T , the
task is to predict the presence and count of each product in
the test image, in other words, predicting count(p) 8p 2 P ,
where count(p) indicates the number of occurrences in the
test image and count(p) = 0 if the product does not appear.
To perform this prediction and build the model, we will have
a single-product image set S = {(Is, ys)|ys 2 P}, where
Is is a single-product image and ys is its associated product
ID/category. Also, we may have access to a checkout image
set C{(Ic, Yc)} with optional availability of a certain level
of annotations Yc, e.g., Yc can correspond to the annotations
in Sec. 3.2.1.

3.2. Proposed retail product checkout (RPC)
dataset

In this section, we elaborate the details of the proposed
retail product checkout (RPC) dataset. To start with, we
will introduce the characteristics of the dataset. Then, the
construction details for the dataset will be given. Finally, we
present the evaluation metrics adopted in this paper for the
ACO problem.

SOIL-47
Supermarket Produce Dataset
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MVTec D2S
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Figure 2. Comparisons with other related datasets in the literature.

3.2.1 Characteristics of the proposed RPC dataset

In this paper, we propose the RPC dataset to support research
on approaches to address the potential challenges in real-
world ACO scenarios. The characteristics of the dataset can
be summarized into six aspects.

• Large-scale: As shown in Fig. 2, our RPC dataset is the
largest dataset so far for retail ACO in terms of product
categories (stock keeping units or SKUs) and product
images. To collect this dataset, we choose 200 SKUs
and purchase on average 4 instances for each SKU,
which almost doubles the category size of previous
largest dataset. In total, we capture 81,499 images
including 51,499 single-product exemplar images, and
30,000 checkout images.

• Single-product exemplar images and checkout im-
ages: In our dataset, we collect two types of images.
One type is the exemplar image for every single prod-
uct (Fig. 3) and the other type is the checkout image
(Fig. 4) taken at the checkout counter. While the ex-
emplar images capture the multi-view appearances of
the isolated SKU, the checkout images reflect realistic
checkout scenarios where each image covers a variant
number of product instances.

• Close to realistic checkout scenario: During the con-
struction of this dataset, we try our best to mimic the
realistic retail checkout scenarios to collect the check-
out images. The products are randomly chosen and
combined; they are freely placed on the checkout back-
ground with random orientations; occlusions and com-
plex clutter are also common in our dataset.

• Hierarchical structure: The hierarchical structure of
product categories is another characteristic of our RPC
dataset. The 200 SKUs can be categorized as 17 meta-
categories which cover diverse appearances, such as
bottle-like, box-like, canister-like, bag-like, as shown
in Figure 6. The SKUs under each meta-category tend
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Table 1. Comparisons with the other related datasets.
Datasets ] categories] images] objects] obj/img
SOIL-47 [15] 47 987 – –
Supermarket [24] 15 2,633 – –
Gorzi-120 [21] 120 11,870 – –
Grocery Products [7] 80 9,030 – –
Feribur Groceries [13] 25 5,021 – –
MVTec D2S [5] 60 21,000 72,447 3.45
Our RPC dataset exemplar 200 51,499 51,499 1
Our RPC dataset checkout 200 30,000 367,973 12.27

Figure 3. Collection equipment for single product images.

to be fine-grained. The hierarchical structure can be ex-
ploited, for example, as auxiliary supervision informa-
tion for advanced training or evaluation, similar to [23].

• Different clutter levels: In this dataset, we split check-
out images into three clutter levels based on the number
of SKUs and product instances in each image, as shown
in Table 2. Such a clutter level annotation enables an
in-depth inspection of the model capacities.

• Weak to strong supervision: As shown in Fig. 5, the
checkout images in our dataset are provided with three
different types of annotations, representing the weak to
strong supervisions: (1) shopping list, which records the
SKU category and count of each product instance in the
checkout image. This is the weakest level of annotation
and can be easily obtained in practice. (2) Point-level
annotation, which provides the central position and the
SKU category of each product in the checkout image.
(3) Bounding boxes, which provide bounding box and
SKU category for each product. This is the most labor-
intensive annotation. The introduction of different types
of annotations further enriches the research directions
that can be derived from this dataset, e.g., research on
weakly supervised detection.

(a) Easy mode.

(b) Medium mode.

(c) Hard mode.
Figure 4. Sampled checkout images of three clutter levels.

Figure 5. Weak to strong supervisions of our RPC dataset: from
shopping list, points, to bounding boxes.

3.2.2 Construction details for the proposed RPC
dataset

In our RPC dataset, we collect 200 retail SKUs. The
collected SKUs can be divided into 17 meta-categories,
i.e., puffed food, dried fruit, dried food,
instant drink, instant noodles, dessert,
drink, alcohol, milk, canned food, chocolate,
gum, candy, seasoner, personal hygiene,
tissue, stationery. Fig. 6 shows some examples for
each of these meta-categories. As can be seen, the dataset
covers products with diverse appearances and shapes such as
bottle-like, box-like, canister-like, bag-like, to name a few.
At the same time, the products under same meta-category
normally tend to be fine-grained. This constitutes one of the
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Figure 6. Sampled images of totally 200 retail products belonging to 17 meta categories. For each meta category, we select three products
for presentation.

(a) Examples of bottle-like SKUs. (b) Examples of bag-like SKUs.

Figure 7. Sampled images of single products. Note that, for bag-
like and box-like SKUs, we collect both front and back appearance
images.

challenges for ACO system.
We collect 51,499 single-product images for isolated

SKUs as exemplar images and 30,000 checkout images for
ACO system evaluation. Table 1 shows a detailed compari-
son between our RPC dataset and existing relevant datasets.
We introduce the construction details for these two types of
images in the following parts.

Construction for single-product exemplar images:
Fig. 3 shows the collection environment for capturing the
exemplar images. To capture multi-view characteristics for
each isolated SKU, four cameras are mounted in different
positions to capture images from four different views. One
camera covers the top view, one camera covers the hori-
zontal view, and the other two cameras cover the 45� and
30� views, respectively. The cameras are with automatic
focus and capture images with resolution 2592⇥ 1944. We
randomly choose one instance from each SKU and place it
on a turntable which can rotate 360 degrees. Each camera
takes a photo for this SKU every 9 degrees. Thus, we have
4 ⇥ (360/9) = 160 views for each SKU. In addition, for
box-like and bag-like SKUs, because their top view is nor-
mally different from the bottom view, we repeat the above
collecting procedure twice to collect images for both sides.

Figure 8. Collection environment of checkout images. Red rectan-
gle marks the camera, and the blue quadrangle is the white board
as checkout background.

Some example collections from the four cameras are shown
in Fig. 7. In total, we collect 51,181 exemplar images for
200 isolated SKUs.

Construction for checkout images: To capture the check-
out images, the products are placed on a 80cm⇥80cm
white board as background with a camera (with resolution
1800⇥1800) mounted on top. The collection environment is
shown in Fig. 8. Based on the number of SKUs as well as the
number of product instances for each SKU, we collect check-
out images with three clutter levels: i.e., easy, medium
and hard. Table 2 shows the details of the three splits. Gen-
erally, the more products presented on the board, the more
challenging thing is to accurately recognize the whole set of
products due to problems such as occlusion, varying orienta-
tions and complex clutter and density patterns, as shown in
Fig. 4. To capture a checkout image, we mimic the realistic
checkout scenario. Concretely, we select a random set of
SKUs and a random number of product instances for each of
the selected SKUs guided by specific clutter level (Table 2),
and freely place these products onto the board. To capture
comprehensive product combinations, for each clutter level,
we repeat this process 10,000 times to collect 10,000 images.
Thus in total, we collect 30,000 checkout images.
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Table 1. Comparisons with the other related datasets.
Datasets ] categories] images] objects] obj/img
SOIL-47 [15] 47 987 – –
Supermarket [24] 15 2,633 – –
Gorzi-120 [21] 120 11,870 – –
Grocery Products [7] 80 9,030 – –
Feribur Groceries [13] 25 5,021 – –
MVTec D2S [5] 60 21,000 72,447 3.45
Our RPC dataset exemplar 200 51,499 51,499 1
Our RPC dataset checkout 200 30,000 367,973 12.27

Figure 3. Collection equipment for single product images.

to be fine-grained. The hierarchical structure can be ex-
ploited, for example, as auxiliary supervision informa-
tion for advanced training or evaluation, similar to [23].

• Different clutter levels: In this dataset, we split check-
out images into three clutter levels based on the number
of SKUs and product instances in each image, as shown
in Table 2. Such a clutter level annotation enables an
in-depth inspection of the model capacities.

• Weak to strong supervision: As shown in Fig. 5, the
checkout images in our dataset are provided with three
different types of annotations, representing the weak to
strong supervisions: (1) shopping list, which records the
SKU category and count of each product instance in the
checkout image. This is the weakest level of annotation
and can be easily obtained in practice. (2) Point-level
annotation, which provides the central position and the
SKU category of each product in the checkout image.
(3) Bounding boxes, which provide bounding box and
SKU category for each product. This is the most labor-
intensive annotation. The introduction of different types
of annotations further enriches the research directions
that can be derived from this dataset, e.g., research on
weakly supervised detection.

(a) Easy mode.

(b) Medium mode.

(c) Hard mode.
Figure 4. Sampled checkout images of three clutter levels.

Figure 5. Weak to strong supervisions of our RPC dataset: from
shopping list, points, to bounding boxes.

3.2.2 Construction details for the proposed RPC
dataset

In our RPC dataset, we collect 200 retail SKUs. The
collected SKUs can be divided into 17 meta-categories,
i.e., puffed food, dried fruit, dried food,
instant drink, instant noodles, dessert,
drink, alcohol, milk, canned food, chocolate,
gum, candy, seasoner, personal hygiene,
tissue, stationery. Fig. 6 shows some examples for
each of these meta-categories. As can be seen, the dataset
covers products with diverse appearances and shapes such as
bottle-like, box-like, canister-like, bag-like, to name a few.
At the same time, the products under same meta-category
normally tend to be fine-grained. This constitutes one of the
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Dataset Images Boxes Categories Boxes/img Fully Annotated

Pascal VOC 11.5k 27k 20 2.4 Yes
ImageNet All 477k 534k 200 1.1 Yes

ImageNet Dense 80k 186k 200 2.3 Yes
COCO 123k 896k 80 7.3 Yes

OpenImages 1,515k 14,815k 600 9.8 Partial

Objects365 638k 10,101k 365 15.8 Yes
Table 1. Comparison of the dataset statistics with existing object detection benchmarks. The table includes statistics for training and

validation sets.

Super-category 
Tagging

Animal

Kitchen

Clothes......

¬Bounding Boxes
Annotation¬

Label Bounding Boxes

Filtering

Pick

Discard

Figure 2. Our annotation pipeline for Objects365.

3.2.1 Annotation Pipeline

It is almost impossible for an annotator to remember and
annotate all 365 categories. Also, a small number of im-
ages should be rejected due to the iconic images or the im-
ages without 365 object categories. Motivated by existing
datasets like ImageNet [5] and COCO [24] as well as the
discussion of scalable multi-class annotation in [6], we de-
sign our annotation pipeline as the following three steps.
The first step performs a two-class classification. If the im-
age is non-iconic or contains at least one object instance
in the eleven super-categories, it will be passed to the next
step. In the second step, the image-level tags with the eleven
super-categories will be labeled. An image may be labeled
with more than one tag. In the third step, one annotator
will be assigned to label the object instances in one spe-
cific super-category. All object instances belonging to the
super-category should be labeled with a bounding box to-
gether with an object name. An illustration of our annota-
tion pipeline is in Figure 2.

Based on the proposed annotation pipeline, each anno-
tator only needs to be familiar with the object categories
in one super-category rather than all 365 object categories.
This will not only improve annotation efficiency but also
boost annotation quality.

3.2.2 Annotation Team

We divide all the team members (hired as vendors) into
three groups: annotators, inspectors, examiners. All the im-
ages are first annotated by the annotators, and then checked

1https://www.flickr.com/
2https://www.objects365.org

by the inspectors. By accumulating around 100 labeled (and
checked) images as a job, we involve the examiner to fur-
ther review the quality of the annotation. The job will be
rejected if any of the steps exists annotation error.

Annotator The annotators need to perform the annota-
tion which involves all three steps in the annotation pipeline
shown in Figure 2. Each annotator will be assigned one and
only one annotation task. Before starting the annotation,
they should take a course and pass an examination to be
qualified for the annotation.

Inspector The work of inspector is to examine all the an-
notated images labeled by the annotators. If an annotation
error is found in one image, the image will be rejected and
annotated again by the same annotator. This refining step
can greatly prevent the annotator from making the same
mistakes in the following annotation process.

Examiner Examiners are usually geographically isolated
from the annotators and inspectors to make a fair judgment.
The job, which usually contains around 100 images verified
by the inspectors, will be reviewed again by the examiner.
If an annotation error is found in one image, the whole job
which includes the mislabeled image will be rejected. The
rejection rate of the jobs is one of the key factors to deter-
mine the income for the annotators and inspectors.

3.2.3 Annotation Process Consistency

Due to the large scale of the dataset, there will be a lot of
annotators involved in this project. Without consistent defi-
nition and rules for the annotation, the labeling for the same
image will provide different annotation results. To reduce
the ambiguities during the annotation process, we define a
number of rules. Two important rules are: classification rule
and bounding-box rule.

Classification Rule It defines a clear priority order with
function-first principle for the ambiguity case in labeling.
For instance, in the left Figure 3, the object can be consid-
ered as either “tap” or “teapot”. Based on our classification
rule, we use the function-first principle and the object will
be labeled as “tap” in this case.
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Pascal VOC 11.5k 27k 20 2.4 Yes
ImageNet All 477k 534k 200 1.1 Yes

ImageNet Dense 80k 186k 200 2.3 Yes
COCO 123k 896k 80 7.3 Yes

OpenImages 1,515k 14,815k 600 9.8 Partial

Objects365 638k 10,101k 365 15.8 Yes
Table 1. Comparison of the dataset statistics with existing object detection benchmarks. The table includes statistics for training and

validation sets.

Super-category 
Tagging

Animal

Kitchen

Clothes......

¬Bounding Boxes
Annotation¬

Label Bounding Boxes

Filtering

Pick

Discard

Figure 2. Our annotation pipeline for Objects365.

3.2.1 Annotation Pipeline

It is almost impossible for an annotator to remember and
annotate all 365 categories. Also, a small number of im-
ages should be rejected due to the iconic images or the im-
ages without 365 object categories. Motivated by existing
datasets like ImageNet [5] and COCO [24] as well as the
discussion of scalable multi-class annotation in [6], we de-
sign our annotation pipeline as the following three steps.
The first step performs a two-class classification. If the im-
age is non-iconic or contains at least one object instance
in the eleven super-categories, it will be passed to the next
step. In the second step, the image-level tags with the eleven
super-categories will be labeled. An image may be labeled
with more than one tag. In the third step, one annotator
will be assigned to label the object instances in one spe-
cific super-category. All object instances belonging to the
super-category should be labeled with a bounding box to-
gether with an object name. An illustration of our annota-
tion pipeline is in Figure 2.

Based on the proposed annotation pipeline, each anno-
tator only needs to be familiar with the object categories
in one super-category rather than all 365 object categories.
This will not only improve annotation efficiency but also
boost annotation quality.

3.2.2 Annotation Team

We divide all the team members (hired as vendors) into
three groups: annotators, inspectors, examiners. All the im-
ages are first annotated by the annotators, and then checked

1https://www.flickr.com/
2https://www.objects365.org

by the inspectors. By accumulating around 100 labeled (and
checked) images as a job, we involve the examiner to fur-
ther review the quality of the annotation. The job will be
rejected if any of the steps exists annotation error.

Annotator The annotators need to perform the annota-
tion which involves all three steps in the annotation pipeline
shown in Figure 2. Each annotator will be assigned one and
only one annotation task. Before starting the annotation,
they should take a course and pass an examination to be
qualified for the annotation.

Inspector The work of inspector is to examine all the an-
notated images labeled by the annotators. If an annotation
error is found in one image, the image will be rejected and
annotated again by the same annotator. This refining step
can greatly prevent the annotator from making the same
mistakes in the following annotation process.

Examiner Examiners are usually geographically isolated
from the annotators and inspectors to make a fair judgment.
The job, which usually contains around 100 images verified
by the inspectors, will be reviewed again by the examiner.
If an annotation error is found in one image, the whole job
which includes the mislabeled image will be rejected. The
rejection rate of the jobs is one of the key factors to deter-
mine the income for the annotators and inspectors.

3.2.3 Annotation Process Consistency

Due to the large scale of the dataset, there will be a lot of
annotators involved in this project. Without consistent defi-
nition and rules for the annotation, the labeling for the same
image will provide different annotation results. To reduce
the ambiguities during the annotation process, we define a
number of rules. Two important rules are: classification rule
and bounding-box rule.

Classification Rule It defines a clear priority order with
function-first principle for the ambiguity case in labeling.
For instance, in the left Figure 3, the object can be consid-
ered as either “tap” or “teapot”. Based on our classification
rule, we use the function-first principle and the object will
be labeled as “tap” in this case.
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2.4 㥜㸽䷐别䭐动 
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Objects365

Figure 3. An example showing our function-first consistency rule.

In the left figure, the object in the blue bounding-box will be anno-

tated as “tap” rather than “teapot” while the green bounding box

will be annotated as “toy” instead of “bear” in the right figure.

Figure 4. An example of our bounding-box consistency rule.

Train Validation Test

Images 600k 38k 100k
Boxes 9623k 479k 1700k

Table 2. The split of our Objects365 benchmark.

Bounding Box Rules Due to the diversity of annotators,
the annotation for the bounding-boxes might be inconsistent
sometimes. We define the following rule when ambiguities
exist for the bounding-box. The annotator is required to
cover the largest bounding box which would not lead to the
ambiguities of defining the object category. For example,
we need to include the decoration part of the clock in the
left figure of Figure 4 as the decoration part belongs to the
clock and would not lead to misunderstanding of the object
category. For the right figure of Figure 4, the annotators
are required to label the small bounding box because the
external area of the clock will lead to another category as
“tower”.

3.3. Statistics

Based on our proposed annotation pipeline, around 740K
images are annotated in our Objects365 dataset. A split of
train, validation, test set is in Table 2. There are 600K im-
ages for training, 38K images for validation, and another
100K images for testing.

To delve into the details of our Objects365, we first pro-
vide the statistics of the number of object categories per im-
age. According to Figure 5, Objects365 is more dense and
diverse than VOC [8], COCO [24], and OpenImages [20].
Quantitatively, our Objects365 has 5 categories (on aver-
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Figure 5. A comparison with the statistics of the number of object

categories per image. Objects365 is more dense, with a modal on

5 categories per image, and more diverse, with a more flat curve.

age) per image, which is more dense compared with the
other object detection benchmarks like VOC and COCO.
Due to the partial annotation used in OpenImages, the cat-
egory number/image of OpenImages is lower than COCO
and Objects365 even though there are 600 categories de-
fined in OpenImages. Moreover, based on the curve in Fig-
ure 5, the variance of the number of object categories per
image from our Objects365 is significantly larger than the
existing benchmarks, which shows the diverse nature of our
Objects365 dataset.

For the image resolution, Figure 6 shows that Objects365
has larger and more diverse image resolutions.
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Figure 6. Distribution of the image resolution.

Figure 7 provides a comparison of “effective annota-
tions” with the PASCAL VOC and COCO benchmark. By
selecting the COCO 80 categories from Objects365, i.e.,
ignoring the other object categories, our dataset has more
boxes per image, i.e., 9.04 vs 7.34, as well as more object
categories per image, 3.16 vs 2.92. A similar conclusion
can be obtained by mapping the object categories into the
VOC 20 categories. We also compare the effective annota-
tion areas, i.e., the ratio of annotated object areas to the total
area of the images. Our Objects365 provides obvious more
annotations 63% compared with 57% in COCO and 53% in
VOC.
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歪标 — alpha x (1FP + 1FN)

Instance数 漏标 多标 错标 歪标

8840 230 / 2.6% 119/ 1.3% 30 / 0.34% 2456 / 27.7%
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