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Abstract—This paper presents a deep learning approach to
infer missing metadata, specifically focal length, aperture, and
subject distance, from photographs taken with manual lenses.
The lack of lens metadata on photographs taken with those lenses
(due to their inability to electronically communicate metadata)
poses challenges for photographers, archivists, and researchers
who rely on this information for image organization, forensic
analysis, and computational photography applications. Motivated
by this, we develop a ResNet-based model adapted for regression
tasks and train it on a diverse dataset of 2,200 original im-
ages, augmented to approximately 28,000 usable, representative
samples. The model demonstrates encouraging results in both
aperture and focal length estimation (MAPE < 26%).

Index Terms—Metadata inference, Deep learning, Convolu-
tional Neural Networks, Dataset augmentation, Computational
photography

I. INTRODUCTION

In the realm of modern photography, metadata serves as the
backbone for efficient image organization, analysis, and un-
derstanding. Digital single-lens reflex (DSLR) and mirrorless
interchangeable-lens (ILC) cameras rely on electronic com-
munication between the lens and the camera body to capture
essential metadata, such as aperture (f-stop) and focal length.
However, manual lenses, both vintage and contemporary, lack
this electronic interface, leading to missing or incomplete
metadata in photographs.

This research addresses the challenge of inferring missing
metadata from images captured with manual lenses. Motivated
by the needs of photographers and researchers who require
accurate metadata for tasks such as image categorization,
reproduction, and detailed analysis, we aim to develop a
reliable deep learning-based solution. Our primary objective
is to estimate the focal length, aperture, and subject distance
— key metadata elements — from photographs lacking this
information. Achieving this goal will significantly enhance
the organizational, educational, and forensic applications of
photographic images.

The contemporary photography industry’s dependence on
metadata is profound, particularly for key parameters like
aperture and focal length. These values are typically obtained
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through electronic communication between the lens and the
camera body in DSLRs and ILCs, a feature commonly found
in modern autofocus lenses. However, manual lenses, which
lack this electronic capability, present a significant metadata
gap. These lenses can be vintage models adapted for modern
cameras or contemporary manual lenses designed for specific
camera mounts, both contributing to the growing popularity
of manual photography due to their cost-effectiveness and
technological simplicity.

The absence of metadata in images captured with man-
ual lenses poses substantial challenges. For instance, it hin-
ders precise image categorization, analysis, and reproduction,
which are essential in forensic investigations, educational con-
texts, and photo organization. Addressing this issue is crucial
for advancing various applications that rely on comprehensive
image metadata.

A. Motivation

The motivation behind this research stems from the practical
difficulties encountered when working with photographs from
manual lenses. Without metadata, understanding the techni-
cal settings used to capture an image becomes exceedingly
challenging. This information is vital for reproducing similar
shots, organizing photo collections, and conducting in-depth
analyses. Therefore, there is a compelling need for a robust
method to infer missing metadata values, ensuring that pho-
tographs taken with manual lenses can be as informative and
usable as those from electronic lenses.

B. Objectives

The central objective of this research is to develop a
deep learning system capable of accurately inferring miss-
ing metadata from photographs taken with manual lenses.
Specifically, we aim to estimate focal length, aperture (f-
stop), and subject distance—metadata elements crucial for
understanding image characteristics. By achieving this, we
will facilitate better organization, analysis, and educational
use of photographic images. This system has the potential to
revolutionize forensic analysis, historical archive digitization,



and artistic exploration, making it a valuable tool for both
professional and amateur photographers.

C. Contributions

This paper presents several significant contributions to the
field of computational photography and metadata inference:

Model Architecture and Adaptation: We introduce a deep
learning model based on the ResNet architecture, tailored for
inferring missing metadata from photographs captured with
manual lenses. ResNet’s resilience in image classification tasks
inspired our adaptation for metadata estimation, a regression
problem. Despite the challenges, our model returned promising
results and serves as a foundational framework that can be
further enhanced and refined.

Comprehensive Evaluation: Our evaluations include a bat-
tery of metrics: Mean Absolute Error (MAE), Mean Absolute
Percentage Error, (MAPE), Mean Squared Logarithmic Error
(MSLE), and Mean Squared Error (MSE). While aperture
estimation showed promising results, focal length and subject
distance estimation remained challenging, underscoring the
need for further dataset enhancements and model improve-
ments.

Practical Tool and Collaboration: We provide a practical
tool for photographers and researchers, offering a starting point
for more sophisticated metadata inference systems. By making
our code publicly available, we aim to foster collaboration and
further research in this domain.

In summary, our contributions include:

o Developing a deep learning model for metadata inference
using ResNet.

o Conduct a thorough evaluation of a diverse, augmented
dataset.

« Demonstrating the impact of dataset quality and augmen-
tation techniques.

o Providing a practical tool for the photography and re-
search community.

II. RELATED WORK

The domain of metadata inference for photographs, espe-
cially those taken with manual lenses, remains relatively un-
explored. This section synthesizes relevant literature on optics,
convolutional neural networks (CNNs), and the adaptation of
CNNs for regression tasks. We also discuss existing metadata
inference work and highlight the challenges and opportunities
within this field.

A. Optical fundamentals and Related Research

While metadata inference for manual lenses remains largely
unexplored, recent work in computational photography pro-
vides relevant foundations. Smith [1] and Hecht [2] established
optical principles governing aperture-focal length relation-
ships, while Cira et al. [3] demonstrated CNN adaptations
for regression tasks in image analysis. Chen et al. [4] further
validated residual networks for nonlinear regression. Our work
extends these concepts to the novel domain of manual lens
metadata inference. Despite the different purpose, a recent

study on body measurement inference from 2D images [5]
reveals similar challenges related to neural network training
for regression tasks on images.

B. Convolutional Neural Networks and Vision Transformers

CNNs have revolutionized computer vision tasks due to
their hierarchical feature learning capabilities from images (
[6], [7], [8], [9], [10]). When choosing a model architecture
for this research, different alternatives were considered. Our
choice, ResNet ( [6]), introduced residual blocks to mitigate
the vanishing gradient problem, enabling the training of very
deep networks. It’s possible that alternatives like EfficientNet
[7], and the MobileNet family [8], [9], [10], could also work
for the task at hand, however, ResNet, a powerful and widely
recognized architecture in image classification, was chosen as
the backbone of our metadata inference model. ResNet’s capa-
bility to learn intricate features and handle high-dimensional
data made it a compelling choice for this regression task.

Unlike CNNs, Transformer-based architectures [11] weren’t
considered due to computational and dataset size requirements.

C. Adapting CNNs for Regression Tasks

While CNNs are traditionally trained for image classifica-
tion, they can be effectively adapted for regression tasks, aim-
ing to predict continuous values [4]. This adaptation involves:

Output Layer Modification: Changing the final fully con-
nected layer to output continuous values, such as focal length
and aperture.

Loss Functions: Employing loss functions like Mean Ab-
solute Error (MAE), Mean Squared Error (MSE), and Mean
Squared Logarithmic Error (MSLE) to guide model training
by minimizing the difference between predicted and actual
values.

Regularization: Techniques like dropout and L2 regulariza-
tion prevent overfitting, crucial in regression tasks due to the
continuous output nature.

D. Relevant Studies and Challenges

Though limited, existing studies on metadata inference offer
valuable insights:

Cira et al. [3] adapted CNNs for regression, predicting arrow
orientation on road pavement using rectified orthophotography.
Their work demonstrates CNN'’s potential in regression and the
value of adapting architectures like VGGNet and ResNet.

Chen et al. [4]. developed a deep residual learning model for
nonlinear regression, showcasing the effectiveness of adapted
ResNet architectures in regression tasks.

Despite progress, challenges remain, including, but not
limited to, the following:

Dataset Limitations: Obtaining large, diverse datasets with
accurate metadata is crucial. Biases can lead to overfitting and
poor generalization [5].

Real-World Variability: Capturing real-world variations in
lighting, scene composition, and other factors is vital for robust
model development.

Future research should address these challenges through
dataset expansion, model refinement, cross-validation, and



exploration of metadata-aware data augmentation and feature
analysis.

III. METHODOLOGY

This study develops a deep learning approach to infer focal
length and aperture from image content. We combine: (1)
a modified ResNet architecture adapted for regression, (2) a
dataset built with metadata-aware augmentation to preserve
optical relationships, (3) a training process leveraging transfer
learning, and (4) an inference process to test, obtain results
and use the model in the real world.

A. Model Architecture

We fine-tuned several ResNet variants, ResNetlS8,
ResNet34, and ResNet50, each offering distinct trade-
offs between model complexity and performance. In the
results section, comparisons between the different network
sizes are made.

To adapt ResNet for metadata inference, we implemented
the following strategic modifications:

Output Layer: The final fully connected (FC) layer was
changed to produce a vector of two values, representing
the estimated focal length and aperture. This customization
tailored the model’s output to our specific metadata inference
objective.

Dropout Regularization: A dropout layer was incorporated
at the FC layer to mitigate overfitting. However, as the exper-
imental results demonstrated, the impact of this regularization
technique was not as positive at high dropout values (0.5),
instead a very small one was used (0.1 to 0.2, depending on
the different model sizes trained).

Optimizer: We opted for the Adam optimizer, renowned for
its adaptive learning rate and prowess in handling non-convex
problems. L2 regularization was enabled to curb overfitting.

Loss Function: Mean Absolute Error (MAE) was chosen
as the loss function due to its robustness to outliers and
its alignment with the preference for consistently accurate
estimates in this application. MAE calculates the average
magnitude of errors, providing a reliable measure of model
performance.

Layer Unfreezing: Initially, ResNet layers 1, 2, 3, and 4
were frozen to preserve pre-trained features. Layers 4 and 3
were progressively unfrozen to fine-tune the model, allowing
for more precise adjustments to the learned features. As the
results will indicate, the best checkpoints were consistently
achieved before unfreezing layer 3, suggesting that further
fine-tuning may not yield performance improvements.

B. Dataset Preparation

The creation of a robust and diverse dataset is foundational
to the success of any deep learning endeavor. In this section,
we detail the meticulous process of constructing and Pre-
processing our dataset, ensuring it adequately represents the
various metadata values encountered in manual lens photog-
raphy.

C. Data Collection

Our dataset was curated in two stages to ensure comprehen-
sive coverage of metadata values and real-world variability:

1) Systematically Produced Photographs: We captured
approximately 1400 photographs under controlled con-
ditions, intentionally representative of the field of view
(often using consequent perspective distortions) and
depth of field (often using amount and characteristics of
background blur), employing a range of electronic lenses
(which provide reliable EXIF lens data for aperture and
focal length). Each shot was carefully planned to cover
focal lengths from 20mm to 640mm, f/stops from /2.0
to /22, and subject distances from 10cm to infinity (all
values are 35mm full-frame equivalent). This controlled
capture provided us with a precise ground truth for
metadata values, essential for training and evaluation.

2) Real-World Photographs: To infuse our dataset with
authentic diversity, we use an additional 800 pho-
tographs from the authors’ photographic portfolio. These
images were selected to represent a wide array of meta-
data values, complementing the systematically produced
set. The real-world photographs should bring real-life
variability in scene content, lighting conditions, and
composition, enhancing the model’s ability to generalize.

D. Pre-processing and Augmentation

Pre-processing and data augmentation are critical steps
in preparing a high-quality dataset for deep learning. We
implemented the following procedures:

EXIF Extraction and Normalization: For each image, we
extracted the relevant metadata - focal length, aperture, and
subject distance - from the EXIF data. These values were
then meticulously normalized to a range of [0, 1] to facilitate
efficient learning by the model. It is important to note that
subject distance was excluded from the training process due
to its inconsistent availability in the dataset (not all used lenses
provided this metadata).

Metadata-Aware Augmentation: To enhance the dataset’s
diversity, we applied cropping and rotation techniques. Each
augmented image underwent EXIF metadata recalculation to
ensure that the augmented version retained accurate metadata
values consistent with the original image. This approach
preserved the correct metadata relationships, although it was
limited in generating shorter focal lengths and larger f/stops.
The order of augmentation steps was crucial to prevent blurry
interpolation; augmentations were applied to the original-
sized images (up to 4000x4000 pixels) to ensure that the
final resized output (896x896 pixels) maintained the desired
metadata characteristics without introducing artifacts.

Resizing and Normalization: All images, both augmented
and original, were resized to a uniform resolution of 896x896
pixels. This resolution struck a balance between preserving
image quality and managing computational demands. The
order of pre-processing steps is important to avoid undesired
interpolation: all augmentations are made on original size
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Fig. 1. Dataset distribution across focal length ranges and f-stop categories for training set.
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Fig. 2. Dataset distribution across focal length ranges and f-stop categories for test set.

images (up to 4000x4000 pixels) in such a way that augmen-
tations themselves never result in a crop that would be smaller
than the 896x896 output (so they can safely be resized to that
size without risk of a resize introducing blurry enlargement).

E. Dataset Distribution

The dataset preparation process began with 2,155 original
images (real-world photographs, approximately 70% of them
captured with the specific intent of being representative of
field of view and depth of field effects, the remaining 30%
being typical photographs from the authors’ portfolio), with
diverse metadata values — focal lengths ranging from 20mm
to 640mm, f/stops from /2.0 to f/22 (smaller f/stops up
to f/48 were used in initial tests, but discarded later on
due to over-representation of apertures not common in real-
world scenarios where this research would apply), and subject
distances from 10cm to infinity (all values are 35mm full-
frame equivalent).

Those originals were augmented to 64,650 samples through
metadata-aware transformations (which will be explained in
detail below). After careful curation to maintain balanced
representation across focal lengths and apertures, the final
dataset comprised:

o Training set: 19,803 images
« Validation set: 4,443 images

o Test set: 4,437 images

The remaining augmented pictures were culled and left
as a bonus set for further testing (however, unlike the true
training/validation/test sets, its distribution is not curated).

The distribution of images across focal length and aper-
ture combinations is shown in Figure 1 for the training
set and Figure 2 for the test set. The distribution for the
validation set is similar to the test set. The augmentation
process successfully expanded the dataset while preserving
the physical relationships between focal length, aperture, and
subject distance through sensor size equivalence calculations.
However, the augmentation was inherently limited to generat-
ing longer effective focal lengths and smaller apertures than
the original images, as the transformations simulate cropping
and consequent changes in the field of view.

Our experiments demonstrated that the quality and diversity
of the images, along with the use of metadata-aware augmen-
tation, play a crucial role in the model’s ability to learn and
generalize effectively. Despite the initial plan to use 20,000
source images (pre-augmentation) for training, we found that
many of these images were inadequate due to missing meta-
data or irrelevant content. For example, most indoor shots were
less useful because they rarely provided a significant amount
of depth of field. This finding underscores the importance of
high-quality, diverse datasets in deep learning applications and



the effectiveness of metadata-aware augmentation techniques.

F. Dataset Distribution Technique

To ensure balanced representation across the range of focal
lengths and apertures, we implemented a systematic dataset
distribution strategy. Our approach categorizes images into
bins based on combined focal length and f-stop categories,
then distributes samples across training, validation, and test
sets while trying to maintain proportional representation.

The focal length bins were designed with emphasis on ultra-
wide (18-24mm) and telephoto (260-650mm) ranges, reflect-
ing the greater technical challenge in estimating extreme focal
lengths. F-stop categories were simplified into five groups from
”Very fast (</2.8)” to "Minimum aperture (>f/22)” to capture
the nonlinear impact of aperture on image characteristics.

Our distribution algorithm follows these key steps:

1) Bin Identification: Each image is assigned to a focal
length bin and f-stop category based on its metadata.

2) Original Sample Preservation: All non-augmented
(original) samples are retained in the training set to
maintain data authenticity.

3) Augmented Sample Selection: Augmented samples are
selectively included to balance representation, with a
maximum of 200 samples per bin to prevent over-
representation.

4) Validation/Test Set Formation: Samples not selected
for training are distributed to validation and test sets,
with care taken to include all bins proportionally.

5) Bin Balancing: For bins missing from validation or test
sets, up to 20% of the training samples are reallocated
to ensure complete coverage.

G. Training Process

The training process leveraged an RTX 3090 GPU with 24
GB of VRAM, on a system with an 18-core Xeon E5-2696v3
CPU and 128 GB of system RAM. System CPU and RAM
are important for the metadata extraction and metadata-aware
data augmentation techniques used, as those do not leverage
GPU resources. As a software platform, PyTorch was selected
for its robustness, flexibility in defining custom models, and
efficient GPU acceleration capabilities. Training followed by
a training > validation > testing methodology.

Early Stopping: The training process was configured to
halt if the validation loss did not improve for 10 consecutive
epochs, a value determined through empirical testing.

Additional augmentation: Training images had additional
randomization of characteristics that wouldn’t interfere with
the associated metadata, done in-place at training time.
Those augmentations include flipping, contrast, and brightness
changes, and explicitly do not include any form of cropping
or rotation (as such changes require careful metadata changes
in the way we explained in the Metadata-Aware Augmen-
tation section). This exposes the model to a more varied
dataset, whose characteristics keep changing slightly during
each epoch.

This chapter outlined the meticulous methodology em-
ployed in crafting the metadata inference model, emphasizing
the critical steps in dataset preparation, model architecture, and
training processes. The careful selection of techniques and pa-
rameter sets the stage for evaluating the model’s performance
and identifying avenues for future enhancements.

IV. RESULTS AND DISCUSSION

Three models were finetuned with optimal settings (batch
size, learning rate, and dropout varying for each) and the
same dataset: ResNet18, ResNet34 and ResNet50. ResNetl8
failed completely to converge to acceptable results on all
tried settings (best Test MAPE 39%, when the task needs a
value lower than 25% for a usable model), while ResNet34
(best Test MAPE 25%) and ResNet50 (best Test MAPE 20%)
provided good results. Figure 4 show test results for each
version on MAPE. All other figures show results specific
to the ResNet50 version (which gave us the best results),
where Figure 3 demonstrates the metrics coming from training,
validation, and test results across all checkpoints, and identifies
the best checkpoint-based on test results on the given metric,
by evaluating through MAE(3a), MAPE(3b), MSLE(3c) and
MSE(3d).

During training, all checkpoints are saved, as well as
training metadata including, for each epoch, training and val-
idation loss, MAPE, MSLE and MSE metrics. After training
is finished, all checkpoints run through the test set to get
test metrics on loss, MAPE, MSLE, and MSE as well. The
best checkpoints, as presented in I, are found based on test
performance.

The Table I also shows the training time, number of epochs,
best epoch by each metric and average performance of the
model according to our standardized testing on the best epoch
by MAPE (which we found out was the metric that indeed
gave the best results on our tests, tailored to measure real-
world performance of the model more clearly).

After the best checkpoint is found, more thorough testing
is done to assess its performance in a real-world scenario:

The model is used for full inference of metadata on every
picture on the test set, and the best, worst, and randomly
assorted results are shown to the user (figure 5), showing the
tested image, the real metadata, and the inferred metadata. This
was done to give an easy assessment of model performance
in its real application.

The mean percentage errors (figure 6) for FL (6a) and
f/stop (6b), looked particularly easy to compensate for using
simple math, so simple biasing arithmetic was added to
the inference code, eliminating systematic error and further
improving performance on the test dataset.

In addition, to give a better understanding of the model
performance characteristics and where lie its strengths and
flaws, error trends and residuals (figure 7), for focal length
(7a, 7c) and f/stop (7b, 7d) were all plotted against the best
checkpoint. Published here are the results for the ResNet50
model after biasing.



TABLE I
RESULTS FOR THE THREE MODELS TRAINED

Model Total traming Total. traiping + Best epoch Average error**
epochs testing time*® Loss | MAPE | MSLE | MSE f/stop Focal length
ResNetl8 65 3:30h 58 60 58 58 26,80% 25.48%
ResNet34 68 9:40h 59 59 59 59 14.31% 20.,49%
ResNet5S0 92 10:58h 46 68 61 46 9,77% 16,69%

* For reference only, some code changes (DataLoader optimizations) and hardware changes (load, power limits) changed between different training runs)

** After applying systematic bias corrections
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Given the detailed results, the model seems to give reason-
able performance (we consider errors under 20% acceptable
for our usage) for focal length and f/stop on all ranges.

For f/stops, despite the average error being seemingly good,

cates potential scaling issues in regression layers;
o Limited large f-stop performance correlates with dataset
underrepresentation (Fig. 1).

A. Limitations

The dataset used in this study is limited in size and
may contain biases that affect the model’s generalization.
The dataset consists of approximately 2,200 original images,
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Fig. 5. Example of randomly assorted inference results on the test set.

a) Mean Percentage Error for Different Focal Length Ranges b) Mean Percentage Error for Different f-stop Ranges

0-
oy
g 3
5 o] :
w w
g —8 1 g
ji] £
T -12 c
g g
= —14 =
_16 4
T T T T T T T T T T T T T 0
16-24 24-35 35-50 50-70 70-85 85-105 105-135135-200 200-250 250-300 300-400 400-500 500-600 f2-f12.8 f12.8-f1a f/4-f(5.6 /5.6-f/18 f/8-f/l11 f11-f/16
Focal Length Ranges (35mm-equiv) f-stop Ranges
Fig. 6. Mean errors for FL (a) and f/stop (b) before inference-time biasing
a) Focal Length Error Trend b) f-stop Error Trend
2501
g 1] 2 ;
- T 200
5 5 !
& 100 4 W 150 4
v @ L
o 5 o
2 “ £ 1001 g :
@ B [ =
g g o © BF - 5
o o 50 4 illal. ¥ ail & T
o] oLl sl dossiaadodeisin s
T T T — T T ——— ——— T T T T . T T
16 20 28 35 50 70 85 105 135 200 250300 400 500600 fr2 fl2.8 4 /5.6 fie fl11 fi16
True Focal Length (35mm-equiv) True f-stop
c) Residuals vs True Focal Length d) Residuals vs True f-stop
200 15
@
150 A a® 10 -
w1004 | w54
s > 3
3 01 8 S o camppepee
%] %]
& 04 o 1 s
. -5 1 g E
. . U
-50 5 —107 L
—100 A —15
T — T T —— ——— T — T — T T T
16 20 28 35 50 70 85 105 135 200 250300 400 500600 fi2 ff2.8 fi4 /5.6 f/a f11 fl16
True Focal Length (35mm-equiv) True f-stop

Fig. 7. Error trends (a)(b) and Residuals(c)(d) for FL and f/stop after inference-time biasing.



which were expanded to approximately 64,000 images using
metadata-aware augmentation techniques, most of those were
then culled, and the remaining were sorted between train-
ing, validation, and testing sets. While these techniques help
increase the dataset size, they are constrained by physical
limitations and cannot produce a wide range of focal lengths
and f-stops. This limitation might lead to overfitting to specific
characteristics of the training data.

V. CONCLUSIONS AND FUTURE WORK

This paper presents a deep learning model based on the
ResNet architecture for inferring missing metadata in pho-
tographs captured with manual lenses. The model demon-
strates promising results in estimating both focal length and
f-stop, which suggests that it might be using an internal repre-
sentation of pupil size. A correlation analysis between inferred
f-stop and actual pupil size showed a moderate correlation,
indicating that the model is capturing features related to pupil
size.

Despite the current limitations, this study provides a valu-
able foundation for future research in metadata inference and
computational photography. The insights gained from this
study highlight the importance of a diverse and high-quality
dataset and the need for further exploration of deep learning
architectures and training techniques to improve performance.

To address the limitations identified in this study, future
work can lead to more accurate and reliable metadata inference
systems, benefiting photographers and researchers in various
applications, by focusing on:

1) Dataset Expansion: Collecting a larger and more di-
verse dataset with a balanced distribution of focal
lengths, f-stops, and subject distances. This will help
the model generalize better and capture the full range of
relationships between these metadata, as well as allow
for more comprehensive testing.

2) Model Refinement: Exploring different deep learning
architectures and training techniques to improve the
model’s performance on focal length and subject dis-
tance estimation.

3) Cross-Validation: Using cross-validation techniques to
evaluate the model’s performance on different subsets of
the dataset and identify any overfitting.

4) Feature Analysis: Conducting a detailed analysis of the
features used by the model to infer f-stop and focal
length to gain deeper insights into the model’s behavior.
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