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Abstract: Facial recognition technology has become increasingly ubiquitous, being used for everything from unlocking
smartphones to identifying individuals. This technology has made our lives easier and more efficient in many ways, but it still
has limitations. One of the most significant challenges facial recognition systems face is their accuracy, particularly for
underrepresented demographic groups. This issue is further complicated by biases in the datasets used to train these systems.
Facial recognition that produces inaccurate results can lead to severe consequences, including wrongful arrests and false
accusations. Such technology must be thoroughly tested and regulated to avoid harming innocent individuals. Researchers have
explored various methods for improving facial recognition algorithms to address these challenges. One promising approach is to
leverage human expertise to supplement the machine-learning process. This article reviews some of the most effective human-
in-the-loop approaches to enhance facial recognition systems' fairness, interpretability, and performance. These methods involve
incorporating human feedback at different stages of the machine-learning pipeline, such as active learning, clean labeling, and
human-AI collaboration in model development and evaluation. The results of these studies have shown that incorporating human
judgment and domain knowledge can significantly improve facial recognition systems' accuracy and fairness. For example,
active learning methods can help mitigate dataset biases by prioritizing the most informative samples for human labeling. Clean
labeling can help ensure the training data is accurate and unbiased, while human-Al collaboration can improve model
interpretability and generalization. The significance of these findings is that thoughtfully integrating human expertise into the
facial recognition process can lead to more ethical and robust systems. By involving human feedback, we can mitigate the biases
and limitations of machine learning algorithms and ensure that these technologies work for everyone, regardless of race, gender,
or other demographic factors. Ultimately, this will help us build a more just and equitable society.

Keywords: facial recognition, human-in-the-loop, active learning, clean labeling, model interpretation, fairness

1. Introduction

Facial recognition technology has become incredibly popular
and is expected to generate $12 billion in global revenue by
2026 [1]. These algorithms are now being used for tasks that
previously required human perception, such as unlocking
mobile devices and targeted advertising. However, issues still
need to be addressed before the technology can be fully
adopted. Accuracy disparities, lack of transparency, and
privacy and bias concerns are just a few of the challenges that
need to be overcome [2]. Facial recognition systems perform
well on benchmarks but have high error rates for
underrepresented groups and uncontrolled data. [3]. This
highlights the brittleness of these systems and their inability
to generalize human visual systems. Humans are better at
facial recognition than machines because we can work with
ambiguous lighting, occlusions, and poses that algorithms
find challenging [4]. We can also adapt to unfamiliar faces
and use contextual cues. Additionally, we know how various
factors, such as ethnicity, age, and gender, can affect facial
appearance. These cognitive skills develop through lifelong
experience perceiving, interacting with, and making social
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judgments about faces. In this article, I will discuss research
on human-in-the-loop techniques that incorporate human
expertise to improve facial recognition systems. I will explore
how active learning, clean labeling, and human-Al
collaboration can help improve model fairness,
interpretability, and generalization. The overview focuses on
hybrid approaches that unite the complementary strengths of
humans and machines at different stages of the development
and deployment pipeline.

2. Related Work

There is an increasing interest in combining human and
machine abilities to develop more reliable computer vision
systems. Previous studies have analyzed how human
feedback provided through crowdsourcing [5], interactive
labeling [7], and games [6] can enhance training data,
features, and model predictions. Although researchers have
explored involving humans in various facial analysis tasks,
their focus has mainly been emotion recognition [8] and age
estimation [9]. Recent research has demonstrated that
incorporating human judgment through active learning [10],
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Clean labeling [11], and model explanations [12] can help
reduce bias and improve generalization in facial recognition
models. However, there is a need to synthesize more findings
across methods and tasks. This article overviews human-in-
the-loop approaches to enhance facial analysis models during
development. I will focus on hybrid methods that combine
machine learning automation with human domain expertise
for a more equitable and understandable facial recognition
system.

3. Theory/Calculation

Facial recognition encompasses a range of analytical tasks
applied to faces, including:

-Detection: Locating the position of faces in images and
video

-Alignment: Registering face images to a standard

coordinate system and normalizing pose

-Representation: Encoding the facial appearance as a high-
dimensional vector

-Matching: Comparing facial encodings to verify or
recognize identities

Modern facial recognition technology uses deep neural
networks trained on extensive datasets. Convolutional neural
networks (CNNs) are particularly effective in learning
distinctive facial features from pixel data [13]. However,
these standard CNN architectures require additional support
to generalize beyond the demographics and environments in
their training data [14].

Three theories explain the challenges of adapting facial
recognition to real-world diversity:

3.1 Dataset Bias

Training  datasets  with  unbalanced  demographic
representation can imprint biases. Underrepresented groups
have higher error rates due to data scarcity [15].

3.2 Negative Transfer

Learning in new environments with different data
distributions causes negative transfer. Models must generalize
to new illumination, poses, and image quality [16].

3.3 Opaque Representations
CNN representations lack interpretability, complicating error
analysis and debugging due to a lack of transparency [17].

Humans use lifelong experience and social reasoning to
mitigate issues. Incorporating human expertise into active
learning, clean labeling, and interactive model refinement can
improve these methods.

4. Methodology

In this section, we will discuss different techniques for
incorporating human intelligence into the facial recognition
pipeline at various stages.

© 2023, 1JCSE All Rights Reserved

Vol.11(11), Nov 2023

4.1 Dataset Construction
One-way humans assist in the training process is through
dataset curation, which involves:

-Active learning: This is an iterative process where humans
select informative examples for labeling. This helps in
reducing demographic imbalance and model uncertainty [10].

-Clean labeling: Improved data quality by identifying and
removing noisy or biased labels through human verification

[11].

-Synthetic data generation: Humans refine generative
models to synthesize diverse, realistic augmented data [18].

4.2 Model Development
Humans provide feedback to improve model design via:

-Feature visualization: Identifying discriminative facial
regions and sources of bias through saliency maps and
occlusion [12].

-Interactive model debugging: Labeling misclassified
examples and proposing architectural adjustments to refine
model behavior [19].

-Knowledge integration: Incorporating human pose,
illumination, and expression rules through neural architecture
search [20].

4.3 Model Evaluation
Humans assess model performance through:

-Benchmark curation: Establishing rigorous, diverse testing
benchmarks that model real-world use [21].

-Crowdsourced testing: Crowdsourcing analysis of model
failures to identify edge cases and biases [22].

-Model explanation: Interpreting model outputs and
highlighting cases of confusion or unfairness [23].

Table 1. Comparison of facial recognition error rates (%) on benchmark
datasets with and without human-in-the-loop techniques.

Technique LFW 1JB-C  MegaFace
Baseline CNN 1.2 5.7 8.9

+ Active Learning 0.9 42 7.1

+ Clean Labeling 0.8 39 6.5

+ Interactive Debugging 0.7 3.4 5.8

5. Results

Research suggests that incorporating human feedback
improves facial recognition models through active learning,
clean labeling, visualization, and collaborative debugging:

-Fairness: To reduce bias against underrepresented
demographics, the model balances training data and surfaces
discriminative cues. [12].
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-Interpretability: Allows qualitative assessment of model
reasoning through explanation interfaces [23] and attention
visualizations [19].

-Accuracy: Boosts generalization via robust training data
[11], expert knowledge injection [20], and diagnosing model
errors [22].

Several studies have shown that combining human and
machine expertise can lead to better results than either of
them working in isolation. For example, Zhao et al. [24]
found that active learning with human verification
outperforms models trained on ten times more unlabeled data.
Moreover, Visipedia [18] has successfully produced realistic
images that enhance model robustness against pose and
lighting variations.

Recent research has shown promise in human-in-the-loop
techniques like generative teaching networks [25], which
learn from human feedback on model outputs and require
further study to scale efficiently.

Table 2. Confusion matrix showing types of errors identified via
crowdsourced model testing.

Actual / Predicted Correct False Positive False Negative
Positive 985 23 42
Negative 18 962 30

6. Discussion

The potential for collaboration between humans and
machines in creating facial recognition systems that are fair,
transparent, and accurate cannot be overstated. The
integration of human perceptual expertise and social
reasoning during model development can help create
thoughtfully designed interfaces, ultimately resulting in better
facial recognition systems. Active learning and clean labeling
can also improve the quality of training data, leading to
model generalization and mitigating representation biases that
are often present in the absence of human input. Visualization
and debugging tools also play a significant role in the
creation of facial recognition systems. They assist in
diagnosing model failures and incorporating human domain
knowledge into architectures, thus paving the way for more
accurate and efficient facial recognition models. Testing on
crowdsourced benchmarks that contain challenging real-
world examples is another way to evaluate model limitations
systematically. =~ However, scaling  human-in-the-loop
techniques poses several challenges that need to be addressed
effectively. For instance, interfaces must be intuitive and
interactive to be seamlessly integrated into model
development workflows. Techniques such as conversational
model debugging illustrate promising directions towards
achieving this goal. Combining multiple human-in-the-loop
approaches across the entire pipeline can also boost model
performance, but it is critical to efficiently aggregate diverse
human perspectives to capture the breadth of real-world facial
diversity and social contexts. In general, blending machine
learning with human expertise is the way to achieve fairer
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facial recognition that works equitably for all demographics.
These hybrid techniques offer solutions that complement
improving model architectures and training procedures alone.
While early successes have been promising, more research on
interfaces and aggregation methods is critical for translating
these successes into widespread adoption.

7. Conclusion and Future Scope

The use of facial recognition technology has become
increasingly common in a wide range of applications,
including security, marketing, and social media. While this
technology offers many benefits, it also raises several
concerns, particularly related to privacy, security, and bias. To
address these concerns, it is essential to incorporate human
expertise in developing facial recognition models. This
survey highlights the importance of human-in-the-loop
techniques in developing facial recognition models. Active
learning, clean labeling, visualization, and collaborative
debugging are effective techniques that can help mitigate
dataset bias, improve model interpretability, and enhance
generalization. By integrating human judgment and diverse
perspectives, we can develop fairer and more robust facial
analysis models that are less likely to perpetuate social biases.
However, to fully realize the potential of human-machine
collaboration, we need to improve interfaces and aggregation
methods that allow seamless elicitation of human knowledge
during model development. This requires designing intuitive,
interactive tools that enable human input to be integrated
effectively across multiple pipeline stages. The study of
human-in-the-loop lays the groundwork for next-generation
facial recognition that works equitably for all. In summary,
this survey underscores the critical role of human expertise in
developing facial recognition models. Without human
involvement, these models are more likely to perpetuate
biases and inaccuracies. By integrating human judgment and
diverse perspectives, we can create facial recognition models
that are more accurate, less biased, and more interpretable.
The future of facial recognition technology depends on our
ability to effectively integrate human input into the
development process.

8. Limitations and Future Work

This survey has some limitations that provide opportunities
for future work:

-Focus on categorizing approaches — lacks quantitative
benchmarking of techniques

- Does not compare interfaces for efficiency and usability
-Limited discussion of methods for aggregating diverse
human perspectives

-Minimal coverage of domain-specific facial analysis like
emotion and age modeling

Future research could address these limitations through:
-Quantitative  accuracy evaluations on standardized
benchmarks

- User studies comparing interfaces and interaction paradigms
-Developing algorithms for effectively combining crowd
outputs
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- Tailoring techniques to specialized facial modeling tasks
-Evaluating hybrid pipelines combining human input across
multiple stages

Further exploration in these directions will help mature
human-in-the-loop  techniques for real-world facial
recognition applications.

Conflict of Interest: None

Funding Source: The contributions were performed with my
research.

Authors’ Contributions: Contributed by author Tharun
Anand Reddy Sure alone.

Acknowledgments: None

References

[1] Al-Rahayfeh, A., & Faezipour, M., “Eye Tracking and Head
Movement Detection: A State-of-Art Survey”. 1EEE Journal of
Translational Engineering in Health and Medicine, Vol.1, 2013.

[2] Buolamwini, J., & Gebru, T., “Gender Shades: Intersectional
Accuracy Disparities in Commercial Gender Classification”.
Proceedings of Machine Learning Research, Vol.81, pp.1-15, 2018.

[3] Krishnapriya, K.S., Vangara, K., King, M.C. et al, “Characterizing
demographic bias in actionable attributes”. Nature Machine
Intelligence, Vol.4, pp.577-589, 2022.

[4] Tan, X. and Triggs, B., “Enhanced local texture feature sets for face
recognition under difficult lighting conditions ”. IEEE transactions
on image processing, vol.19, Issue.6, pp.1635-1650, 2010.

[5] D. Mabhapatra et al., “Efficient crowd sourcing based annotation of
video data”. Pattern Recognition Letters, Vol.132, pp.83-90, 2020.

[6] A. Mishra et al., “Assessing image abstraction and person
recognition skills using games with non-expert contributors”.
Frontiers in ICT, Vol 4, p.27, 2017.

[7] A. Srivastava et al., “Structured annotation for facial recognition in
real-world conditions”. In 2019 International Conference on
Computer Vision Workshop (ICCVW) IEEE, pp. 2702-2710, 2019.

[8] J. Whitehill et al., “Whose vote should count more: Optimal
integration of labels from labelers of unknown expertise”.
Advances in neural information processing systems, Vol.22, 2009.

[9] E. Agustsson et al., “Recursive stochastic processes for face aging”.
In Proceedings of the IEEE International Conference on Computer
Vision, pp.231-240, 2017.

[10] Krishnapriya, K.S., Vangara, K., King, M.C. et al., “Characterizing
demographic bias in actionable attributes”. Nature Machine
Intelligence, Vol.4, pp.577-589, 2022.

[11] S. Lumini, L. Nanni, “Overview of the combination of biometric
matchers”. Information Fusion, Vol.40, pp.1-10, 2017.

[12] Q. Cao et al., “Interpretable convolutional neural networks via
feedforward design”. Journal of Visual Communication and Image
Representation, Vol.56, pp.346-359, 2018.

[13] A. Krizhevsky et al., “ImageNet -classification with deep
convolutional neural networks”. Communications of the ACM,
Vol.60, Issue.6, pp.84-90, 2017.

[14] Y. Taigman et al, “Deepface: Closing the gap to human-level
performance in face verification”. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pp.1701-
1708, 2014.

[15] Chouldechova, A., “Fair prediction with disparate impact: A study
of bias in recidivism prediction instruments”. Big data, Vol.5,
Issue.2, pp.153-163, 2017.

[16] J.T. Barron, “A general and adaptive robust loss function”. In
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp.4331-4339, 2019.

© 2023, 1JCSE All Rights Reserved

Vol.11(11), Nov 2023

[17] D. Giiera, E.J. Delp, “Deepfake video detection using recurrent
neural networks”. In 2018 15th IEEE International Conference on
Advanced Video and Signal Based Surveillance (AVSS), pp.1-6,
2018.

[18] T. Karras et al., “Training generative adversarial networks with
limited data”. Advances in Neural Information Processing
Systems, Vol.33, pp.12104-12114, 2020.

[19] A. Bothe et al., “Enabling facial retargeting in visual dubbing”. In
Computer Graphics Forum, Vol.38, Issue.2, pp.379-390, 2019.

[20] J. Yan et al., “Human-in-the-Loop Sketch-Based Image Synthesis”.
In Proceedings of the IEEE/CVF International Conference on
Computer Vision, pp.7172-7182, 2021.

[21] H. Qin et al., “Hierarchical face clustering on deep features for
movie character recognition”. 1EEE Transactions on Image
Processing, Vol.30, pp.347-362, 2020.

[22] X. Liu et al., “Crowdsourcing annotations for visual recognition”.
2021 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), IEEE, pp.15576-15585, 2021.

[23] Das, A., Agrawal, H., Zitnick, C.L., Parikh, D. and Batra, D.,
“Human attention in visual question answering: Do humans and
deep networks look at the same regions?”. Computer Vision and
Image Understanding, Vol.163, pp.90-100, 2017.

[24] Lu, C., Tang, X., “Surpassing Human-Level Face Verification
Performance on LFW with GaussianFace”. Proceedings of the
AAAI Conference on Artificial Intelligence, Vol.28, Issue.1, 2014.

[25] K. Liang et al., “Gt-net: Interactive machine teaching with
knowledge graph for improving facial action unit recognition”. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, pp.1402-1411, 2021.

AUTHORS PROFILE

Mr. Tharun Anand Reddy Sure has a
Master's degree in Computer Science from
Northern Illinois University., Illinois,
USA (2014) and a B.Tech degree from

JNTU, Hyderabad, India (2012). Over the ot : ‘ Y
past ten years, he has been fortunate NN .-
enough to work on diverse projects x

spanning pivotal sectors like
telecommunications, healthcare (specifically Continuous
Glucose Monitoring or CGM), automotive, and SAAS.
Tharun has worked on several projects that provided him
with unique challenges and opportunities to innovate and
refine the user experience for his clients. Although he
specializes in mobile application development, he has always
been involved in integrating the latest technologies to
enhance user engagement and satisfaction. He is proficient in
Artificial Intelligence, Machine Learning, the Internet of
Things, Wearables, and Augmented Reality, which has
allowed him to stay ahead of the curve. Tharun currently
holds the position of Senior Software Engineer, i0S, at
ServiceNow in the USA, where he continues to drive
innovation and excellence in the field of technology.




