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Abstract
Tiny machine learning (TinyML) co-locates models with sensors on microcontrollers, where
small models (which are disproportionately sensitive to label noise) and bespoke binary
tasks (which lack standard benchmarks) make general-purpose dataset practices a poor
�t. Visual Wake Words (VWW), the prior standard TinyML person detection benchmark,
contains roughly 123K images and has an estimated label error rate of 7.8%, which limits
its usefulness for production-grade systems. Manual labeling, however, is prohibitively
expensive for the scale and diversity of TinyML use cases.

We address this gap with the Wake Vision pipeline, an automated method for generat-
ing and curating large-scale binary classi�cation datasets for TinyML. We use data-centric
TinyML for the dataset construction, curation, and lifecycle methods that produce the
large, well-curated datasets these systems require. The pipeline combines label fusion
across image-level and bounding-box sources, con�dence-, area-, and depiction-aware �l-
tering, label correction on the evaluation splits, and automatic generation of �ne-grained
benchmark subsets. Applying it to person detection, we release Wake Vision, a dataset
of almost 6M images (close to 100� more person images than VWW) with a manually
relabeled validation and test set at a 2.2% label error rate.

Models trained on Wake Vision improve test accuracy by up to 6.6% over VWW across
MobileNetV2, MCUNet, MicroNets, and ColabNAS architectures, and match or exceed
VWW-trained models on 13 of 16 �ne-grained subsets covering perceived gender, perceived
age, distance, lighting, and depictions. The advantage holds under distribution shift on
three out-of-distribution datasets covering driving and overhead-surveillance imagery. We
additionally uncover two TinyML-speci�c insights: small models are more sensitive to label
errors than large models, and two-stage training, which pretrains on the noisier large set and
�ne-tunes on the cleaner small set, is a viable strategy even for tiny, low-capacity models.
Beyond person detection, the Wake Vision pipeline applies to the 9.6K trainable classes of
Open Images v7; on bird detection it produces a dataset 27� larger than a VWW-style
baseline with label error reduced from 6.6% to 0.6%. All artifacts are released under CC-BY
4.0 through TensorFlow Datasets and Hugging Face. To continue improving the dataset
over time, we partner with the Edge AI Foundation to host community competitions; the
�rst round contributed a label-correction technique that reduced the Wake Vision (Large)
label error rate from 15.2% to 9.8%, at a cost orders of magnitude below the $600,000
implied by manual relabeling at this scale.
Keywords: TinyML, Dataset, Benchmark, Computer Vision, Person Detection

1 Introduction

Tiny machine learning (TinyML) (Banbury et al., 2020; Warden and Situnayake, 2019;
Banbury et al., 2021a) co-locates models with sensors on microcontrollers (MCUs), typi-
cally with a memory budget of hundreds of kilobytes, nearly four orders of magnitude less
than common smartphone models (Banbury et al., 2021b; David et al., 2021). These con-
straints rule out conventional benchmarks. ImageNet's thousand-class output is infeasible
on MCUs (Deng et al., 2009; Chowdhery et al., 2019), and training data must instead come
from datasets purpose-built for the binary or low-class-count tasks that �t MCU budgets.
Existing TinyML datasets such as Visual Wake Words (VWW) (Chowdhery et al., 2019)
and Google Speech Commands (Warden, 2018) target exactly these simpler applications,
supporting binary classi�cation and tens of classes, respectively, but their limited scale
and label error rates make them unsuitable for training and evaluating production-grade
TinyML models.
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Table 1: Wake Vision (bold) compared against the standard TinyML person detection
benchmark and two general image classi�cation datasets sometimes used as person-detection
proxies (Chowdhery et al., 2019; Krizhevsky et al., 2009; Everingham et al., 2012). Wake
Vision (Large) and Wake Vision (Quality) share the same validation and test sets.

Total # of Person Images Fine-Grained Suitable for
Dataset Images Train Validation Test Filtering TinyML

Wake Vision (Quality) 1,322,574 624,115 9,291 27,881 X X
Wake Vision (Large) 5,760,428 2,880,214 � � 7 X

Visual Wake Words 123; 287 36; 000 3; 926 19; 107 7 X
CIFAR-100 60; 000 2; 500 � 500 7 7
PASCAL VOC 2012 11; 530 1; 994 2; 093 � 7 7

The gap is methodological as well as empirical. Building TinyML datasets at the scale
required for modern training, and across the diversity of tasks TinyML is being deployed for,
requires automated pipelines for creating, curating, and evaluating datasets, not just larger
downloads. We use data-centric TinyML for dataset construction, curation, and lifecycle
methods that target two TinyML-speci�c constraints: (i) deployment models small enough
where label noise materially erodes accuracy and (ii) bespoke binary or low-class-count tasks
for which standard benchmarks do not exist, requiring datasets to be generated per-task
from broader sources rather than reused, a property the Wake Vision pipeline addresses by
targeting any of the 9.6K trainable classes of Open Images v7 (Section 3.5).

Wake Vision is the successor to Visual Wake Words (VWW). It preserves the binary
person-detection task and evaluation conventions VWW established for the TinyML com-
munity, and addresses VWW's limitations in scale, label quality, and licensing through
the Wake Vision pipeline, an automated method for generating and curating large-scale
binary classi�cation datasets for TinyML. The pipeline fuses multiple label sources, applies
con�dence-, area-, and depiction-aware �ltering, supports manual and automated label cor-
rection on the evaluation splits, and generates �ne-grained benchmark subsets (Figure 2 in
Section 3). Automation is a necessity rather than a convenience. Our manual relabeling
of approximately 70K validation and test images cost $7,000 USD, which extrapolates to
roughly $600,000 USD for a 6M-image training set, and human labelers introduce incon-
sistency at scale. The pipeline derives datasets from Open Images v7 (Kuznetsova et al.,
2020; Krasin et al., 2017), which lets the resulting datasets be released under a permissive
CC-BY 4.0 license.

We demonstrate the pipeline by creating Wake Vision, a binary person detection dataset.
Person detection is the canonical vision use case for TinyML (Banbury et al., 2021a), sup-
porting applications from occupancy detection (Piechocki et al., 2022) and smart HVAC/
lighting (Zacharia et al., 2022) to an always-on `wake model' that gates power-intensive
sensors and larger models (Heitz et al., 2008). As shown in Table 1, Wake Vision pro-
vides almost 6M images, close to 100� more person images than Visual Wake Words
(VWW) (Chowdhery et al., 2019), and improves test accuracy by up to 6.6%. Alongside
the dataset, we develop a suite of �ve �ne-grained benchmarks (perceived gender, perceived
age, distance, lighting, and depictions; Figure 1, Section 3.3), on which Wake Vision-trained
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models match or exceed VWW-trained models on 13 of 16 subsets, exposing failure modes
that an aggregate accuracy metric obscures.

Wake Vision exposes two TinyML-speci�c �ndings (Section 4.1, Section 4.7). First,
smaller models lose more accuracy from training-set label noise than larger models do.
Under our label-noise injection protocol, the smallest model loses 1.3% accuracy when the
training error rate rises from 6.8% to 15%, versus 0.5% for the largest. Second, two-stage
training that pretrains on Wake Vision (Large) and �ne-tunes on Wake Vision (Quality)
reaches 85.72% test accuracy, versus 84.89% for Quality alone and 80.80% for Large alone,
combining the scale of one set and the quality of the other.

Our work makes four contributions:
ˆ The Wake Vision pipeline, an automated method for building bespoke large-

scale binary classi�cation datasets for TinyML, combining multi-source label fusion,
con�dence-, area-, and depiction-aware �ltering, label correction, and �ne-grained
benchmark synthesis (Sections 3.1{3.3). Beyond person detection, we apply the
pipeline to two additional Open Images categories chosen because they also exist
in MS-COCO, allowing direct comparison to the VWW-derived methodology: it pro-
duces a car detection dataset 12� larger than the VWW-style baseline (label error
6.4% ! 4.8%) and a bird detection dataset 27� larger (6.6% ! 0.6%, both estimated
on 500-image samples), letting TinyML practitioners generate task-speci�c datasets
without further large-scale labeling e�ort (Section 3.5, Section 4.5).

ˆ Wake Vision and a community-driven improvement loop. A person detection
dataset of almost 6M images (close to 100� more person images than VWW), with a
manually relabeled validation and test set at a 2.2% label error rate (versus 7.8% in
VWW), released under CC-BY 4.0 through TensorFlow Datasets and Hugging Face.
We treat the dataset as a maintained artifact through recurring competitions hosted
by the Edge AI Foundation; the �rst round contributed a label-correction technique
that reduced the Wake Vision (Large) label error rate from 15.2% to 9.8%, a single-
round improvement to a property that conventionally requires manual relabeling at a
cost we estimate at $600,000 for a 6M-image set (Sections 3.2, 4.8).

ˆ A �ne-grained benchmark suite that evaluates TinyML model robustness across
�ve dimensions: perceived gender, perceived age, distance, lighting, and depictions.
Wake Vision-trained models match or exceed VWW-trained models on 13 of 16 �ne-
grained subsets (strict wins on 11, ties on 2 lighting subsets), with the largest gains
on depicted persons, older individuals, and dark lighting (Section 3.3, Section 4.4).

ˆ Empirical �ndings for data-centric TinyML, including that two-stage training
(Wake Vision Large pretraining followed by Wake Vision Quality �ne-tuning) achieves
the best accuracy across MobileNetV2, MCUNet, MicroNets, and ColabNAS architec-
tures, that small models are disproportionately sensitive to label noise, and that the
accuracy advantage of Wake Vision-trained models persists under distribution shift
on driving and overhead-surveillance imagery (Section 4.1, Section 4.7, Section 4.6).

Our dataset, benchmarks, code, and models are at https://wakevision.ai.

2 Background and Related Work

We organize related work into three categories:
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(a) Older Person (b) Near Person (c) Bright Image (d) Female Person (e) Depicted Person

Figure 1: One sample from each of the �ve �ne-grained benchmark dimensions in Wake
Vision: perceived age, distance, lighting, perceived gender, and depictions. Full subset
compositions appear in Figure 5.

Generating Binary Classi�cation Datasets for TinyML Automatically generated
datasets can signi�cantly lower costs associated with deploying TinyML systems. Prior
to our work, the primary method for generating binary classi�cation datasets for TinyML
applications was through the code used to create Visual Wake Words (VWW) (Chowd-
hery et al., 2019), which can be applied to other MS-COCO (Lin et al., 2014) classes.
While we o�er the same capability for Open Images, the Wake Vision pipeline extends
beyond dataset generation, providing customizable curation properties that include label
correction, �ne-grained benchmark suite generation, and community-driven enhancements
through competitions, addressing the entire dataset lifecycle.

Person Detection in TinyML Applications Person detection has emerged as the
canonical computer vision use case for TinyML systems (Banbury et al., 2020, 2021a). In
the context of resource-constrained computing, TinyML systems demand tasks that care-
fully balance computational feasibility with real-world utility. Person detection represents
an optimal compromise. It is su�ciently lightweight to be implemented on embedded mi-
crocontrollers while maintaining enough discriminative power for practical applications. In
particular, person detection serves as a critical activation mechanism in resource-constrained
systems. These lightweight models support always-on deployment on low-powered MCUs to
selectively \wake" power-intensive sensors, processors, and larger, more capable ML mod-
els upon detecting human presence (Heitz et al., 2008). This architectural pattern enables
substantial energy savings while preserving privacy through on-device processing, and sup-
ports diverse applications ranging from occupancy detection (Piechocki et al., 2022), smart
HVAC systems (Zacharia et al., 2022), or poacher detection (Doull et al., 2021).

Existing Person Detection Datasets In the TinyML computer vision domain, the
Visual Wake Words (VWW) dataset (Chowdhery et al., 2019; David et al., 2021; Lin et al.,
2020; Banbury et al., 2021b,a) has established itself as the de facto standard. Before Wake
Vision, it was the only open-source dataset speci�cally designed for person detection with
direct commercial applicability. However, VWW faces signi�cant limitations: its small size
and indirect access requirements (requiring regeneration from MS-COCO (Lin et al., 2014))
restrict its accessibility and utility.

Although other datasets contain person labels within general image classi�cation collec-
tions, such as Cifar-100 (Krizhevsky et al., 2009) and PASCAL Visual Object Classes (Ev-
eringham et al., 2012), these present signi�cant drawbacks for TinyML applications. Specif-
ically, their inadequate representation of the open \no-person" class can lead to poor per-
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ceived performance of TinyML models (Chowdhery et al., 2019). Our Wake Vision dataset
addresses these limitations by providing nearly two orders of magnitude more images than
any existing public, permissively licensed dataset (Table 1). Furthermore, it distinguishes
itself as the only person detection dataset o�ering a �ne-grained benchmark suite and of-
�cial distribution through popular services like TensorFlow Datasets (TFDS) and Hugging
Face Datasets.

3 Person Detection Dataset and Benchmark Generation

We apply the Wake Vision pipeline shown in Figure 2 to person detection, producing a
production-grade dataset two orders of magnitude larger than prior TinyML person detec-
tion datasets (Table 2). We use production-grade to mean a dataset whose scale, manu-
ally relabeled evaluation splits, permissive license, and distribution through standard ML
frameworks make it suitable for training and evaluating models that will be deployed in real
systems, rather than only used as a research benchmark. The dataset's size, quality, and
detailed metadata open avenues of TinyML research that smaller benchmarks cannot, and
Figure 1 illustrates example images.

More speci�cally, the pipeline implements six data-centric operations (Figure 2): (1)
multi-source label fusion that reconciles image-level and bounding-box annotations from
Open Images into a single binary task (Section 3.1); (2) con�dence-, area-, and depiction-
aware �ltering that removes uncertain, distant-subject, and depicted-only samples to match
deployment conditions (Section 3.1); (3) automated label correction via Con�dent Learning
on the evaluation splits as a low-cost �rst pass (Appendix K); (4) manual relabeling of
the validation and test sets through a crowd-sourced platform, prioritized to where label
quality has the largest e�ect on reported model performance (Section 3.2); (5) �ne-grained
benchmark synthesis that uses the per-image metadata produced by steps (1){(4) to derive
evaluation subsets along axes that an aggregate accuracy metric obscures (Section 3.3);
and (6) community-driven continuous improvement through recurrent competitions whose
winning contributions are integrated into subsequent dataset releases (Section 4.8). Sec-
tions 3.1{4.8 apply these operations to person detection, and Section 3.5 demonstrates that
the same pipeline targets the 9.6K trainable classes of Open Images v7, with a comparison
to Visual Wake Words (VWW).

3.1 Label Generation

A large person detection dataset is indispensable for TinyML research. However, manually
labeling millions of images would be prohibitively expensive for a nascent �eld like TinyML.
Therefore, we use the Wake Vision pipeline to bootstrap Wake Vision using existing large-
scale data e�orts.

The base label in Wake Vision is a binary person/non-person label. The �rst step in the
Wake Vision pipeline is to derive these labels from the Open Images dataset (Kuznetsova
et al., 2020; Krasin et al., 2017), which contains both image-level and bounding box labels
of 9.6K trainable classes and 600 objects, respectively. Image-level labels are unlocalized,
describing objects present in an image, whereas bounding box labels localize an object by
four coordinates. The bounding box label classes are hierarchically structured, allowing
one class to be a subcategory or a part of another class. For example a \Woman" is a
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Figure 2: The Wake Vision dataset generation pipeline. Open Images image-level and
bounding-box annotations are fused, �ltered for con�dence, person bounding-box area, and
depiction status, optionally relabeled (manually or automatically), and split into training,
validation, and test sets together with �ne-grained benchmark subsets. Stages are detailed
in Sections 3.1 to 3.3; dotted lines indicate optional steps.

subcategory of a \Person," and a \Human Hand" is a part of \Person." A comprehensive
list of Open Images labels related to Wake Vision can be found in Appendix I.

Users can adapt the Wake Vision pipeline to meet the needs of speci�c use cases by
utilizing the numerous con�guration options available. For example, a con�guration option
exists to change whether artistic depictions of humans are labeled as non-persons or excluded
from the dataset. We refer to Appendix G for details about these con�guration options.

We observe that bounding box labels are generally more accurate and provide more
information for data �ltering while being less numerous. The Open Images training set has
~9 million images with image-level person labels, but only~1.7 million images with a person
bounding box. Consequently, this presents a trade-o� between more data (image-level
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Table 2: Number of images in the Wake Vision dataset

Person Images Non-Person Images Excluded

Wake Vision (Large) Training Dataset 2,880,214 2,880,214 2,176,551
Wake Vision (Quality) Training Dataset 624,115 624,115 6,688,749
Validation Dataset 9,291 9,291 17,824
Test Dataset 27,881 27,881 53,543

labels) or higher-quality labels (bounding box labels). In response, we provide two Wake
Vision training sets: Wake Vision (Large), labeled via Open Images image-level labels, and
Wake Vision (Quality), a smaller set labeled via Open Images bounding boxes (Table 1).
Since the Open Images validation and test sets are fully labeled with higher-quality bounding
box labels, we derive the Wake Vision validation and test sets from the bounding box labels
in these Open Images splits.

Wake Vision (Large) Training Set Image-level labels in Open Images include a con�-
dence property, which represents the certainty that a label is correct. This con�dence ranges
from 0 to 10 for machine-generated labels and is strictly either 0 or 10 for human-veri�ed
labels. See Section 3.2 and Appendix G for more information. The Wake Vision pipeline
can be con�gured to remove low-con�dence machine-labeled person images, which we do
for Wake Vision by only including labels with a minimum con�dence of 7.

Wake Vision (Quality) Training Set Bounding box labels in Open Images, in contrast
to image-level labels, are all veri�ed and localized by humans, minimizing false positive
labels. Bounding box labels can be used to calculate an approximation of the area of an
image occupied by a person. We use area as a proxy for the distance of a person to the
camera, and by default, exclude far-away persons, i.e., those that take up less than 5% of
the image (see Figure 4a for an example). Finally, bounding box attributes include an
artistic depiction 
ag (an example is provided in Figure 4b). The Wake Vision pipeline
excludes depictions from class members by default; that is, a depiction of a person is not
considered a person. See Figure 3 for an illustration of the bounding box �ltering process
for person detection.

3.2 Label Correction

Label errors are a challenge in computer vision that limit progress and obscure true per-
formance (Northcutt et al., 2021b; Beyer et al., 2020). This is especially prevalent in large
datasets that use complex labeling pipelines to scale while managing costs. Recognizing
the importance of label quality, we take measures to estimate and improve the accuracy of
Wake Vision's labels.

As any labels generated by the Wake Vision pipeline are derived from Open Images
v7, errors in these labels are inherited by our datasets. All image-level labels in the Open
Images dataset originate from machine-generated candidate labels. Many of these labels
are later veri�ed by human annotators, and a subset of them are given bounding boxes and
additional annotations.
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Figure 3: A 
owchart of the bounding-box �ltering process of an image for person detection.

While the machine-generated label phase aims to identify objects e�ciently, any in-
stances missed during this initial step are unlikely to be captured in downstream phases.
Consequently, the Open Images dataset may contain numerous false negative labels, refer-
ring to images where an object is present but lacks the corresponding label. Therefore,
additional measures are necessary to identify and correct such labeling omissions. Given
the size of datasets such as Wake Vision, manually correcting label errors across the entire
dataset becomes an arduous undertaking.

For our Wake Vision dataset, we therefore prioritize labeling the validation and test
sets so that the dataset can be used to accurately evaluate a model's performance. For
this task, we use the Scale Rapid tool from Scale AI (https://scale.com/) to relabel
the Wake Vision validation and test sets. Details about the relabeling process, including
instructions provided and the total cost, can be found in Appendix J. With the ground
truth established in the validation and test sets, Wake Vision becomes an ideal foundation
for research on automated data cleaning techniques (Northcutt et al., 2021a). We perform
an initial exploration of these methods in Appendix K.

We report our estimated label error rate after label corrections versus VWW in Table 3.
These estimates are all based on a random subset of 500 samples from each dataset, manually
evaluated by the authors. The Wake Vision validation and test set estimated error rates
are considerably lower than that of the VWW dataset top-level error rate.

3.3 Fine-grained Benchmark Suite

While Wake Vision provides a substantial improvement in scale and quality over existing
datasets, we recognize that overall test set performance alone may not capture the nuanced
challenges of real-world deployment for TinyML applications. Internet-sourced images typ-
ically exhibit a distinct bias towards well-composed photographs that are well-lit, properly
framed, and feature clearly visible subjects. This stands in stark contrast to the challenging
conditions where TinyML person detection systems are typically deployed, such as varying
lighting conditions, extreme viewing distances, or partial occlusions (Plumerai, 2021).

To bridge this gap between benchmark performance and practical utility, we augment
Wake Vision with a comprehensive �ne-grained benchmark suite. This suite evaluates
model robustness across challenging real-world scenarios where traditional accuracy metrics
might mask signi�cant failure modes. The benchmarks assess performance across critical
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