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Abstract: In this paper, we address the problem of estimating the distance between a camera and a photographed object
using minimal prior information. Specifically, the goal is to obtain distance estimates without access to intrinsic camera
parameters such as focal length, sensor size, or lens distortion coefficients. We propose three simple heuristic methods,
which can be viewed as lightweight variants of the classical camera pinhole model (CPH), but do not require calibration.
Instead, they rely only on the approximate real height of a known object in the scene. The methods were validated on a
representative dataset of images captured with several modern cameras and smartphones, using known object dimensions
as ground truth. Their performance was compared against CPH using error metrics such as mean absolute error (MAE),
mean absolute percentage error (MAPE), root mean squared error (RMSE), mean signed error (MSD), coefficient of
determination R?), and supported by statistical testing (Shapiro-Wilk, ANOVA, Kruskal-Wallis). The analysis confirmed
that, while less precise than fully calibrated approaches, the proposed heuristics achieve consistent and reliable distance
estimates under minimal assumptions. These methods are particularly suited for lightweight applications and devices with
fixed focal lengths, such as smartphones.

Index Terms: Digital forensics, camera pinhole model, image processing, privacy

1. Introduction

Photography is widely used in everyday life. Many people take photos with compact, mirrorless cameras (DSLM)
or digital single-lens reflex (DSLR) cameras. For several years, other devices like smartphones and drones have seen a
significant increase in popularity. A large number of users capture and instantly share their photos on social media. A
huge number of photos encourage research in the field of digital and camera forensics. Camera forensics is a wide field
that covers different areas, among others, hardwaremetry [1-4] or photogrammetry [5]. The popular problem in
hardwaremetry is the camera's sensor recognition [6] that makes it possible to determine if a photo was taken by a
particular camera or flatbed scanner recognition [7].

Digital forensics is a field that deals with the recovery, analysis, and securing of digital evidence in the goals of
investigations. It is crucial in combating cybercrime, detecting forgeries, and analyzing incidents related to data breaches.
One of its aspects is the analysis of digital images, including, among others, identifying the source of the photo or the
authenticity of image files. Estimating the distance between the camera and the photographer can help determine the
circumstances of taking the photo, which is important, for example, in the reconstruction of criminal events. These
techniques use computer image processing methods and optical models, such as the pinhole model. Thanks to this, digital
forensics provides tools for effective analysis of visual digital evidence [8,9,10].

In this paper, we deal with the problem of estimating the distance from the camera to the photographed object. This
problem is generally solved by means of hardware devices, and there are a few purely algorithmic solutions. Previous
research gives precise results but generally requires a large amount of auxiliary data, such as focal length, principal point,
or image sensor format [11,12]. Moreover, this data may not be available or may be corrupted. Image distortion parameters
(e.g., radial or tangential lens distortion) can also be used for distance estimation [13,14]. However, such an approach can
be impractical because distortion depends both on the focal length and the distance to the object, requires prior calibration,
and in some imaging setups, the distortion may be negligible or absent. Therefore, there is a motivation to develop a
method that strikes a balance between accuracy and minimal reliance on camera or image metadata.

We propose three simple yet effective methods that do not use the camera's intrinsic parameters and rely only on
information from a single image. In short, they are based on measuring the apparent height of the object in the image,
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comparing it with known reference sizes, and applying a lightweight heuristic correction. The proposed methods are
compared with the state-of-the-art camera pinhole model (CPH) [15] in terms of distance estimation performance. The
experiments are conducted on a representative set of photographs from 10 different devices, where the real distance
between the camera and the object was measured. Experimental results, enhanced by error measures analysis, including
mean absolute error (MAE), mean percentage absolute error (MAPE), root mean squared error (RMSE), mean signed
error (MSD), and coefficient of determination (R?), show that the accuracy of the proposed methods is higher than the
camera pinhole model. The obtained accuracy (approximately 18—-20% MAPE) is lower than that of modern deep
learning—based monocular depth estimation methods, but is achieved without camera calibration, camera metadata, or
training data. Therefore, the proposed approach is intended for lightweight applications where such information is
unavailable rather than for high-precision distance measurements.

1.1. Design goals and contribution

The goal of this work is to estimate the distance between the camera and the photographed object using the smallest
possible amount of information. In particular:

e No intrinsic parameters of the camera (e.g., focal length, sensor size) are required, nor any additional calibration
data such as lens distortion or aberration coefficients;
e Only the approximate real height of the photographed object is assumed to be known.

Unlike classical formulations based on the camera pinhole model, which rely on calibrated parameters, or recent
learning-based monocular depth estimation approaches that require extensive training data, our methods occupy a
complementary middle ground. The main contribution of this paper is the development of three simple but effective
heuristics for distance estimation from a single image that minimizes the dependence on auxiliary information.

In contrast to prior pixel-based estimators that typically adapt the pinhole model with partial calibration data, the
proposed approaches deliberately eliminate all dependencies on focal length, sensor size, or pixel scale, and instead
reformulate the estimation problem in terms of directly observable image ratios. This makes the proposed methods distinct
from existing geometric heuristics: they are tailored for situations where metadata is absent or cannot be trusted, and they
provide interpretable formulas that trade some accuracy for maximum applicability. By using only basic image content,
such as the apparent size of a known object, our approaches remain transparent, computationally inexpensive, and broadly
applicable in situations where metadata is missing, unreliable, or deliberately removed, which is often the case in mobile
imaging and forensic scenarios. Therefore, this paper examines the practical use of simple, calibration-free heuristics
derived from pinhole geometry for estimating object distance in situations where intrinsic parameters or calibration data
are unavailable. The proposed approach is not intended to compete with modern monocular depth estimation methods,
but rather to provide a lightweight engineering solution for specific application scenarios. The emphasis is placed on
operational simplicity, practical applicability, and a discussion of the method's assumptions and limitations.

1.2. Organization of the paper

This paper is organized as follows. In section 2, the previous and related works are described. Section 3 presents the
proposed approaches, and in section 4, the results of distance estimation with the statistical analysis are described. The
final section concludes with this work.

2. Related work

The estimation of object-to-camera distance is a long-studied problem in computer vision and photogrammetry. The
most common theoretical foundation is the camera pinhole model (CPH) [15-19], which describes the geometric
relationship between real-world points and their projections onto an image plane. The model originates from the concept
of a pinhole camera (or camera obscura), where light passes through a small aperture and forms an inverted image on a
photosensitive surface. The principles of this model have been known since antiquity, discussed by Aristotle and later
formalized by Euclid in Optics [20].

Hardware-based and calibrated approaches Many existing distance estimation systems rely on dedicated hardware or
calibrated setups. For example, fixed cameras with stable parameters have been used for controlled distance measurements
[21]. Smith et al. [11] explicitly modeled lens distortion, showing its dependence on focal length and distance [14]. Magill
[13] and Brown [12] formulated parametric distortion models to predict distance-dependent optical deviations. Matabosch
et al. [22] combined a consumer-grade camera with a stripe laser to achieve distance estimation, highlighting the role of
auxiliary illumination.

Application-specific uses of pinhole geometry Several studies adapted the CPH for particular application domains.

Loktev [23] used image blur and probabilistic analysis to infer geometric parameters of moving objects in monitoring
systems. Kawakita et al. [24] designed a dual-mode camera that simultancously captures color images and depth
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information under varied lighting, reporting sensitivities to object reflectivity and illumination. Megalingam et al. [25]
employed pinhole geometry and triangle similarity for automotive distance estimation after focal length calibration.
Leorna et al. [26] applied a similar model to wildlife monitoring, validating accuracy through both simulation and field
measurements. Saputra et al. [27] estimated pedestrian distances for adaptive street lighting using triangle similarity,
achieving below 10% errors at short ranges.

Learning-based and feature-driven methods Other research explores vision-based detection pipelines that estimate
both object presence and distance. Chou et al. [28] used YOLO-based object detection combined with a field-of-view
model to assist navigation for visually impaired users. Gokge et al. [29] focused on UAV detection, evaluating Haar-like,
HOG, and LBP features with boosted classifiers. Natanael et al. [30] employed YOLO and color—edge cues for vehicle-
following applications. More recently, deep learning has dominated monocular depth estimation: supervised and self-
supervised models such as Monodepth2 [31] and MiDaS/DPT [32] predict dense depth maps with high accuracy, often
combined with object detection for metric inference [33-35]. Despite excellent performance, these networks require large
training datasets, calibration priors, and significant computational resources.

Relation to broader vision research Recent progress in robotics, remote sensing, and multimodal vision [36-42] has
expanded scene understanding toward semantic and qualitative tasks such as navigation and object interaction. However,
these methods rarely focus on direct, metric-scale distance estimation from a single uncalibrated image, which remains
essential for practical fieldwork and low-resource applications.

3. Proposed method

3.1. State-of-the-art — Camera pinhole model

Let us shortly recall the camera pinhole model (CPH) [18]. It describes the geometric relationship between a 3D
point and its 2D corresponding projection onto the image plane. The pinhole projection formula is defined as in Equation
1:

h H 1
=4 (M
where:
e /s the size of the object on the sensor;
e fis the focal length of the lens;
e His the real size of the object;
e dis the distance from a nodal point to the object.

All the above measures are expressed in millimeters.
3.2. The proposed methods

We propose three simple heuristics called Estl, Estll, and EstIIl, which are lightweight variants inspired by the
pinhole camera model and designed to estimate the camera—object distance without requiring calibration or metadata. The
proposed estimators intentionally avoid explicit calibration parameters, which may introduce scale bias across devices;
this trade-off is accepted in exchange for simplicity and ease of use. All these heuristics are motivated by the pinhole
camera geometry, where the apparent image size of an object is inversely proportional to its distance from the camera. In
its simplest form, this can be written as (Eq. 2):

d=C-— )

Where C is a proportionality constant that depends on focal length and sensor size. In practice, this constant can be
estimated once for a device or device class using a simple reference measurement. Estll and EstIIl extend this baseline
with additional correction terms, which may be interpreted as compensating for tilt, perspective, or other scene factors.
In the present work, these terms are treated as lightweight heuristic adjustments rather than fully calibrated geometric
models, consistent with our focus on calibration-free and computationally inexpensive methods.

The Estl method The camera pinhole model is a reliable and precise approach for determining the distance between the

camera and the object. However, it can be problematic in usage because the focal length of the photograph must be known.
This information is typically stored as camera metadata (such as EXIF) and can be easily manipulated or entirely deleted.
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Also, the size of the object at the camera's sensor must be determined, which may be a difficult task, most often due to no
knowledge about the camera's sensor.

Let A; and wy denote image height and width in pixels, respectively. We have observed that the distance d between
the camera and the photographed object can be estimated by a very simple heuristic called Estl, without data required in
the camera pinhole model. Therefore, we propose a formula as shown in eq. 3.

d= 3)
where:

e /iy is the height of the photograph in pixels;
e 1}, is the approximation of the real height of the photographed object in millimeters;
e 1}, is the height of the object in the photograph in pixels.

Distance d is expressed in millimeters. Such an approach gives an approximation of the real distance between the
camera and the object. No particular knowledge about the image or camera is needed. The only required information that
may not always be available is the real object height £,, which is assumed to be known or measured beforehand. In practice,
this requirement can often be satisfied, for example, when photographing engineering structures or other objects of
standard size. The proposed method is fast and easy to implement: 4, may be easily obtained using simple graphic software,
and 4, denotes the height of the photograph in pixels.

The EstIl method Another proposed method, called Estll, is an extension of the Estl approach. In some cases, the Estll
provides more accurate estimations of the d than the Estl. This approach is presented as eq. 4.

hl'hr

4
ot [ @

d=

where:

h;—image height in pixels;

wy — image width in pixels;

h,— is the approximation of the real height of the photographed object in millimeters;
h, — object height in the image (in pixels);

and:

Wi
h;
Hy = ———= 5)
Z1y2
1+ G

This method also does not require advanced data to generate the estimation of the distance between the camera and
the photographed object. Again, we need the real approximation 4, of the photographed object. The other required values
include the dimensions of the image /; and w;, and the object size on the image /,, expressed in pixels. Finally, the H,,
heuristic should be calculated in the manner, as shown in eq. 5.

The EstIII method If the type of the device that has captured a photograph is known (smartphone, compact camera, or
other type), the methods Estl and EstIl may be enhanced; however, the approximation of the camera's sensor diagonal is
required. Let us consider the EstlIIl approach, which is defined as eq. 6.

hl'hr

e Hy ©

where:
e Ji;—image height in pixels;

e w;—image width in pixels;
e h,.—is the approximation of the real height of the photographed object in millimeters;
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e ), —object height in the image (in pixels);
e D, —the diagonal of the sensor;
e and:

D

0 7
/”(v%)z @

Similarly, as in the previous cases, the EstIIl method uses image height and width in pixels, #; and wy, respectively,
the approximation 4, of the real height of the photographed object in millimeters, and 4,, which is the object height in the
image (in pixels). The Estlll requires calculating the heuristic H,, as described in eq. 7. The most problematic is to obtain
or estimate the sensor's diagonal D,,, particularly in the case of the nowadays smartphones, where the detailed parameters
of the sensor are not known. The accuracy of the EstIII approach strictly depends on the value D,,. One may estimate the
sensor' diagonal, but due to the very large number of used sensors, it might be biased with an error, particularly in the
case of advanced cameras, including digital single lens mirrorless (DSLM) or digital single lens reflex (DSLR). Therefore,
such an approximation is the easiest to reach in the case of smartphones or compact/sport cameras. The list of D,
estimations is presented in Tab. 1.

H,, =

Table 1. Estimations of the Dm due to the type of the device

Device type Approximation of the D,, [mm]
smartphone 4.5-5.5
compact camera 7.5-8.0
sport camera 7.5-8.0
DSLM 21.5-43
DSLR 27.5-43

The proposed heuristics do not rely on information such as distance estimation from a one-time field-of-view
calibration or ground-plane homography, which makes them directly applicable in diverse and unconstrained
environments. Other lightweight approaches can provide absolute distance estimations but require prior calibration or
specific scene conditions.

It should be emphasized that the proposed equations are intended as engineering heuristics inspired by the classical
pinhole camera geometry, in which the apparent height of an object decreases inversely with its distance from the camera,
rather than as a rigorous geometric derivation. In practice, the device-specific proportionality constant (dependent on
focal length and pixel scale) is implicitly absorbed into the ratio (4;/ h,), allowing the formulation to remain calibration-
free and applicable across different devices. The design of the proposed models deliberately avoids the use of camera
intrinsic parameters, focal length, and sensor characteristics in order to maximize applicability when such information is
unavailable. Consequently, the method should be regarded as a lightweight empirical approximation whose performance
is validated experimentally.

The corrective terms introduced in Estll and EstIII can be interpreted geometrically as simple compensations for
perspective effects, such as object tilt or non-frontal orientation, which cause apparent height reduction in the image.
These terms improve the estimation accuracy primarily for short and medium distances, where perspective distortion is
more significant, while their influence becomes negligible for distant scenes.

4. Experimental evaluation

In this section, we experimentally evaluate the estimation accuracy of the proposed Estl, Estll, and EstIIl methods
and the camera pinhole model (CPH) state-of-the-art method. We compare the estimations of distance of all the mentioned
methods with real distances to check their accuracy. For this purpose, we investigate two common error measures and
statistical hypotheses verification. We also introduce a simple one-shot Field of View calibration method, which may be
considered as an additional baseline approach.

The scripts for the statistical analysis were implemented in MATLAB R2024b with the support of the Statistics and
Machine Learning Toolbox.

4.1. Devices and experiment setup

The devices used in the experiments, as well as their image resolution, are detailed in Table 2. The experiments were
conducted with 10 devices at 15 different image resolutions in total, partially from the IMAGINE dataset [43]. Overall,
the total number of 141 images was analyzed. All the photographs were shot at the widest angle of the lens. The dataset
provides an initial cross-device validation, and the reported errors should be interpreted accordingly.
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Table 2. Devices used in the experiments and their image resolutions

Brand Model Resolution [px] Type Focz}ln::e::]gthf

1792 x 1008

2560 x 1440

2560 x 1920
Acer Liquid Jade S smartphone 3.5

3264 x 2448

4096 x 2304

4160 x 3120
Apple iPhone 5S 3264 x 2448 smartphone 4.15
DJI Spark 3968 x 2976 drone 4.49
LG K10 4160 x 2336 smartphone 3.81
NavRoad myCAM 3264 x 2448 sport camera 2.28
Nikon P100 3648 x 2736 compact 4.6
Samsung Galaxy S7 4032 x 3024 smartphone 42
Samsung Galaxy Tab A 10.1 3264 x 1836 tablet 291
Samsung Galaxy Trend 2 Lite 2048 x 1232 smartphone 2.35
Yuneec Breeze 4K 4160 x 3120 drone 44

Figs. 1-3 present sample photographing scenarios. The analyzed object height (in millimeters and pixels) is denoted
as h, and h,, respectively. For each camera (or each image resolution from a camera), photographs of different objects
were taken. The real (or approximate) height of the object was known, and in cases where no reference value was available,
h, was measured manually. Based on these values, the estimation of the distance was calculated according to the proposed
methods and CPH.

intel) |
CORE 5

i

Fig. 1. Sample photograph used in experiment (Samsung S7). &, = 17mm, A, = 438px, h=3024px, the real distance from the camera is 100mm,
distance estimated with CPH / Estl method: 96mm / 117mm
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Fig. 2. Image (1): Yuneec Breeze 4K drone; £, = 50 000mm, 4, = 1212px, h; = 3120px, real distance from the drone's camera is 98.3m (98310mm),
distance estimated by proposed method is 128.7m (128713mm); image (2): image from DJI Spark drone; 4, = 125 000mm, 4, = 736px, h; = 2976px,
real distance from the drone's camera is about 477m (477000mm), distance estimated by Estl method is 505.43m (505430mm)

Fig. 3. The size of the object (in pixels) according to horizontal (landscape) and vertical (portrait) orientation. 4,; = 1500mm; 4,, = 1500mm; A,; =
80mm; A,, = 90mm; h,; = 247px; ho2 = 256px; hy; = 290px; h,y = 315px
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Figure 2 presents sample images from drones. The height of the objects (in both cases, bridges) is known from their
documentation. The real distance from the drone's camera to the object was taken on the GPS position of the drone and
the object, and calculated by Google Maps. It is worth mentioning that measures of the real distance between a drone and
an object can be slightly inaccurate. This inaccuracy can result from both the precision of the GPS module of the drone
and the precision of distance calculation in Google Maps. However, we expect that such potential inaccuracies can be
considered as negligible. We have also examined the impact of capturing images in horizontal (landscape) and vertical
(portrait) orientations. It turns out that an object taken from the same place for both horizontal and vertical orientations
differs in the size of pixels in the photo. Examples are presented in Fig. 3.

4.2. One-shot FOV calibration baseline

As a baseline, we introduce a minimal one—shot Field of View (FOV) baseline that requires only a single calibration
image for a given device. Let 4, denote the real height of the object in the calibration image, #, its pixel height, and d the
corresponding ground—truth distance. Using the pinhole relation, an effective focal length in pixels is obtained from

_hy-d g
== ®)
This value is then reused for all other images of the same device, yielding distance estimates:
~ hf
d, = S )

Where 4,? is the pixel height of the same real object in image i. The one-shot FOV calibration yields improved
accuracy for short distances, where the single—point calibration closely matches the operational range. However, its
performance degrades for larger distances, where small errors in the calibration height or object measurement propagate
linearly. This confirms the intended role of our calibration—free estimators: they offer more stable behavior across a wider
distance range without any device—specific setup. Table 3 summarizes the calibration step and shows the resulting distance
estimates for a representative subset of images from one device.

4.3. Individual inspection of the estimations

Sample and partial results for distance estimation can be seen in Tab. 3. Presented are real distances between the
camera and the object and estimations of the proposed methods, as well as CPH. Estimates are expressed in millimeters.

Table 3. Sample results for distance estimation for images from Acer, the resolution of 1792 x 1008, the d denotes the real distance [mm]

Image d [mm] Estl EstIl EstIII CPH FOV
L.jpg 150 121 160 116 150 150
2.jpg 1200 1200 1598 1192 1488 1200
3.jpg 100 79 104 76 97 100
4.jpg 400 281 374 279 349 400
5.jpg 550 723 958 705 896 550
6.jpg 800 697 914 652 864 800
7.jpg 460 413 548 405 512 460
8.jpg 900 779 1037 772 966 900
9.pg 570 509 676 503 631 570
10.jpg 250 179 239 178 222 250

The results indicate the overall accuracy of the distance estimation of the proposed and CPH methods. The
performance may be considered satisfactory. In most cases, the estimations are quite accurate, for instance, for the image
2.jpg, the Estl and EstIIl methods obtained the ideal values. On the other hand, 3.jpg and 7.jpg are less accurate, but still
acceptable. The estimations for images 4.jpg and 10.jpg for Espll are nearly perfect.
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4.4. Analysis of error measures

As quality error evaluation, we use the mean absolute error (MAE), mean absolute percentage error (MAPE), root
mean squared error (RMSE), mean signed error (MSD), and coefficient of determination (R?) to examine the similarity
of estimations of the proposed and CPH methods with real distance values. Their definitions are as shown in eq. 10-14.

n
1
MAE == |y = x (10)
i=1
1 n
x. —_— .

MAPE:100—Z|‘—y‘| (11)

n = X

1 n
RMSE = E;(yi —x)? (12)
1 n
MSD =;;(yi —x) (13)
Z?:l(yi _}_’)2
R2=1_2E=im 7 14
il — y)? 19

Where x; denotes the real distance from the object, and y; is an estimated distance using the proposed and the CPH
methods (i = 1,2,...). The closer the value MAPE to 0, the better the accuracy, and the closer the R? value to 1, the better
fit of x; and y;. The results are presented in Tab. 4.

Table 4. Error measures values

m]i;rsﬁrre Estl EstlI EstIII CPH FOV
MAE 4949.70 9253.41 4662.79 1252448 | 12637.69
MAPE 18.30 20.60 18.20 19.68 21.12
RMSE 27046.08 | 5040835 | 2443437 | 6645553 | 66591.64
MSD 379123 | -8942.02 | -3283.99 -11100 -12300
R? 0.99 0.99 0.99 0.98 0.97

In many cases, the proposed and state-of-the-art method obtained similar results. Efficiency of all approaches
oscillates at the level of 80.0%. The best results are observed in the case of Estl and Estlll, where the MAPE values
obtained are 18.30% and 18.20%, respectively. The CPH reached 19.68%, and the EstIl — 20.60%. These results confirm
that all the methods perform the similar estimation accuracy, which we find satisfactory.

The results in terms of the R? measure clearly indicate that all methods represent a high level of estimation accuracy.
The R? values obtained for all the proposed methods were close to 0.99, indicating a strong correlation between the
estimated and reference distances. The state-of-the-art method also achieved a high R? value of 0.98, confirming a strong
agreement between the estimated and real distances. These results even suggest that the proposed methods are a bit more
accurate than the CPH approach.

The evaluation based on MAE, RMSE, and MSD further supports these observations. The lowest MAE and RMSE
values are obtained for Estl and EstIIl (MAE: 4949.70 mm and 4662.79 mm; RMSE: 27046.08 mm and 24434.37 mm,
respectively), indicating that these methods not only produce accurate predictions on average but also maintain low
variability in errors. In contrast, Estll, CPH, and FOV exhibit higher MAE and RMSE (MAE: 9253.41 mm and 12524.48
mm; RMSE: 50408.35 mm and 66455.53 mm), showing larger deviations from the real distances.

The MSD values reveal that all methods tend to slightly underestimate the actual distances, with mean signed
differences ranging from -3283.99 mm (EstIll) to -12300.00 mm (FOV-baseline). Despite this small systematic
underestimation, the combination of low MAE, RMSE, and high R? confirms that the proposed methods provide reliable
and consistent estimations, outperforming the CPH baseline in most cases.
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Table 5. Error measures values per-device

Device Measure Estl Estll EstIII CPH FOV
MAE 82.38 157.90 81.30 93.87 93.87
MAPE 16.58 18.01 17.19 14.95 14.97
Acer Liquid Jade S RMSE 125.82 224.05 122.67 152.86 15291
MSD -26.22 -153.87 -19.00 -59.70 -59.67
R? 0.89 0.92 0.90 0.89 0.89
MAE 87.30 133.50 87.70 86.80 86.82
MAPE 13.paz 14.75 13.59 13.15 13.20
Apple iPhone 5S RMSE 149.21 221.76 146.01 147.82 14791
MSD -44.30 -133.10 -38.90 -41.60 -41.52
R? 0.86 0.86 0.86 0.86 0.93
MAE 56675.25 105327.25 55283.50 164228.25 164228.34
MAPE 15.68 16.92 17.13 20.40 20.46
DII Spark RMSE 71239.97 144601.87 66543.59 219440.35 219440.43
MSD -23157.75 -94662.25 -16149.00 -161446.75 -161446.73
R? 0.99 0.99 0.99 0.99 0.99
MAE 111.10 130.80 112.30 113.20 113.24
MAPE 28.09 15.35 28.91 19.96 20.00
LG K10 RMSE 146.57 210.87 147.93 148.36 148.41
MSD 60.50 -97.80 64.50 -4.80 -4.70
R? 0.84 0.84 0.84 0.84 0.89
MAE 365.80 498.90 352.40 311.70 311.71
MAPE 35.29 41.70 34.71 32.40 32.47
NavRoad myCam RMSE 454.65 617.09 438.29 388.31 388.33
MSD -362.60 -498.90 -348.60 -306.70 -306.65
R? 0.98 0.98 0.98 0.98 0.98
MAE 98.80 148.80 99.30 544.50 544.51
MAPE 33.74 30.33 34.63 43.68 43.76
Nikon P100 RMSE 137.90 209.42 135.23 670.66 670.69
MSD -38.40 -126.40 -33.50 -537.50 -537.49
R? 0.87 0.87 0.88 0.87 0.92
MAE 134.40 228.50 128.70 58.60 58.65
| MAPE 17.23 24.96 16.85 14.70 14.73
S;‘ms‘mg Galaxy RMSE 177.07 291.67 169.41 72.03 72.12
MSD -127.00 -228.50 -120.70 -4.40 -4.40
R? 0.96 0.96 0.96 0.96 0.99
MAE 106.20 130.40 108.00 151.30 151.34
MAPE 32.34 17.64 33.44 18.43 18.52
%‘g‘i“;%l Galaxy RMSE 136.12 199.55 138.81 233.83 233.91
MSD 64.20 -92.20 69.00 -128.10 -128.06
R? 0.87 0.87 0.87 0.87 0.87
MAE 65.60 129.50 71.40 303.70 303.78
Samsung  Galaxy MAPE 19.34 14.61 21.17 30.41 30.46
Trend 2 Lite RMSE 85.93 194.17 87.68 401.53 401.57
MSD 23.20 -123.10 32.20 -303.70 -303.70
R? 0.94 0.94 0.94 0.94 0.98
MAE 111571.75 200452.00 101917.75 248771.50 248771.59
MAPE 20.18 30.73 19.25 35.29 35.36
Yuneec Breeze 4K RMSE 143814.83 260472.52 128710.94 324702.39 324702.42
MSD -111571.75 -200452.00 -101917.75 -248771.50 -248771.49
R? 0.98 0.98 0.98 0.98 0.98

The per-device error tables (Table 5) provide a detailed overview of the performance of all methods across different
devices. Overall, Estl and EstlII consistently achieve lower absolute errors (MAE) and root mean square errors (RMSE)
on most devices, indicating more precise distance estimates. Estll and the CPH baseline tend to exhibit larger deviations,
particularly on devices with more challenging imaging conditions, such as the DJI Spark and Yuneec Breeze 4K. The
higher RMSE values relative to MAE suggest the presence of occasional large errors in some measurements, which affect
the overall error distribution.

The mean signed difference (MSD) values indicate the presence of small systematic biases. Negative MSD values
for most methods reveal a tendency to underestimate distances, while a few devices, such as the LG K10 and Samsung
Galaxy Tab A 10.1, exhibit slight overestimation. Among the methods, Estl and EstIIl show smaller biases compared to
Estll, CPH, and FOV, highlighting their improved reliability across devices.

In terms of relative errors (MAPE) and the coefficient of determination (R?), Estl and EstIlI provide the most accurate
and consistent predictions, with R? values generally ranging from 0.84 to 0.98. This demonstrates strong agreement with
real distances across all devices. Consumer smartphones, such as Acer, iPhone, and Samsung models, tend to produce
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lower absolute errors and smaller biases, whereas specialized devices like drones display higher variability due to larger
measurement ranges or less controlled imaging conditions.

Overall, the results indicate that Estl and EstlII provide stable performance through a variety of devices, with lower
errors and reduced bias compared to the other evaluated methods. While high correlation with ground-truth distances is
observed for most estimators, we note that correlation alone does not imply absolute accuracy and may coexist with scale-
related errors over wide distance ranges. In this context, Estll, CPH, and FOV exhibit higher variability and systematic
underestimation on several devices, whereas Estl and EstIII show more consistent behaviour across operating conditions.

4.5. Bland-Altman plots

The Bland—Altman plots were used to assess agreement between the estimated and real distances. For each method,
the differences between estimated and real values were plotted against their mean. The mean difference (MD) indicates
whether a method systematically overestimates or underestimates the measurements.

Limits of Agreement (LoA) were calculated as MD + 1.96 - SD, where SD is the standard deviation of the differences.
Under the assumption of normally distributed differences, approximately 95% of the points are expected to lie within
these limits. Points outside the LoA highlight extreme deviations or cases where the method is less reliable. These plots
allow a clear visualization of both systematic bias and variability in the estimation error (Fig. 4).
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Fig. 4. Bland-Altman plots for all considered methods

Volume 16 (2026), Issue 4 — Page 356



Lightweight Distance Estimation from Single Images without Camera Intrinsics

From the plots, it can be observed that most points lie within the LoA, indicating that the estimation errors are
generally consistent and predictable. Estl and EstIll show smaller spreads around the mean difference, reflecting lower
variability in errors, while Estll, CPH, and FOV exhibit a slightly larger dispersion, indicating higher deviations for
certain measurements. The negative mean differences across all methods suggest a slight tendency to underestimate
distances. Overall, the plots confirm that the proposed methods perform reliably across the range of tested distances.

4.6. Statistical hypotheses verification

In this subsection, we provide the results of the statistical hypotheses verification. In particular, we are interested in
whether the real distance values differ significantly from the estimations obtained with the proposed and the CPH methods.
This analysis can be used to evaluate the relative performance of the considered methods. The analysis was conducted at
a significance level of a = 0.05. All statistical tests were performed in MATLAB.

Normality tests The analysis begins with the normality tests in order to check whether the analyzed data follow a normal
distribution. We propose to use the Shapiro-Wilk test, whose hypotheses are defined as follows [44]:

e Hy: The real distances and estimated distances data follows the standard distribution;

e H;: The real distances and estimated distances data does not follow the standard distribution.

To accept or reject the null hypothesis, we calculate the Shapiro-Wilk test statistic /# and then calculate the p-value.
The p-value is compared with the significance level, and if greater, we accept the null hypothesis Ho. Otherwise, the
alternative hypothesis H; is accepted:

e Ifp<a:HOisrejected and H1 is accepted,

e If p > a: there is no reason to reject HO.

Alternatively, if W is greater than the test critical value, HO may be accepted. The critical value for 141 input samples
is equal to 0.97. The results of normality tests are presented in Tab. 6.

Table 6. Normality tests

Method w p-value
real distance 0.22 0.00
Estl 0.21 0.00
Estll 0.21 0.00
EstlIl 0.21 0.00
CPH 0.20 0.00
FOV 0.22 0.00

The test statistic ¥ is smaller than the critical value (approximately 0.20-0.22), indicating that the null hypothesis
cannot be retained. Moreover, the corresponding p-values are below the significance level (p < 0.05), providing sufficient
evidence to reject the null hypothesis and conclude that the analyzed data do not follow a normal distribution. Moreover,
the p-values reached 0.00, so compared with the significance level, it also confirms that the analyzed data does not follow
the normal distribution. Therefore, for further analysis, the non-parametric Kruskal-Wallis ANOVA test should be used.

Kruskal-Wallis ANOVA test The non-parametric Kruskal-Wallis ANOV A one-way analysis of variance for ranks is an
extension of the U Mann-Whitney test for more than two populations. This test is used for the verification of the
differences of the medians in k > 2 populations [45,46]. The hypotheses for k£ populations are defined as follows:

e Hp: 0, =06, = ... = 6 (all the medians of real distances and estimated distances are equal);

e Hj: Not all medians 8; are equal (j =1, 2,..., k).

To accept or reject the null hypothesis, we calculate the test statistic H and then calculate the p-value. Then, the p-
value is compared with the significance level, and if greater, we may accept the null hypothesis Hy. Otherwise, the
alternative hypothesis H; is accepted:

e Ifp<a:HOis rejected and H1 is accepted;

e [fp > a: there is no reason to reject HO.

Alternatively, one may compare the test statistic H with the test critical value. If the test statistic is greater than the
critical value, the Hy should be rejected. The test follows the y? distribution with k — 1 degrees of freedom.

In our case, we compare the medians of the sequence representing the real distances with the sequences
corresponding to the proposed and state-of-the-art methods. We analyze the 5 populations, so the number of degrees of
freedom between groups is equal to 6 — 1 = 5; the number of degrees of freedom within groups reaches 6 - 141 — 6 = 840.
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Thus, the critical value of the %2 distribution for 5 degrees of freedom is equal to 11.07. To accept the null hypothesis, the
calculated value of the test statistic H should not be greater than the critical value.

The calculated test statistic H = 0.11 < 11.07, so it means that there is no reason to reject HO. The p-value is equal
to 0.12. It leads to the conclusion that there is no statistical difference between the real distances and estimations generated
with the Estl, Estll, Estlll, and the CPH and FOV state-of-the-art methods. For clarity, we may also analyze the mean of
ranks, which may be seen in Tab. 7.

Table 7. Mean values of ranks

Method Mean of ranks
real distance 402
Estl 413
Estll 467
EstIII 408
CPH 445
FOV 406

The obtained results clearly indicate that the means of ranks are similar in cases of the analyzed data. It confirms
their high level of similarity. This means that the proposed methods generate approximate distance estimation under
minimal assumptions.

4.7. Limitations

Although the proposed methods demonstrate that useful distance estimates can be obtained without access to intrinsic
camera parameters, several limitations should be acknowledged. First, the accuracy of our heuristics is lower than that of
modern monocular depth estimation approaches based on deep learning. While the reported results are comparable to the
classical pinhole model under realistic constraints, they do not reach the precision of learning-based techniques trained
on large-scale datasets.

Another limitation concerns the dataset size and diversity. Our evaluation was performed on 141 images collected
from 10 consumer devices, which provides a reasonable but still limited basis for generalization. A broader dataset
covering more camera models, environmental conditions, and object types would be necessary to confirm the robustness
of the methods. Furthermore, the approaches require prior knowledge of the approximate real-world dimensions of at
least one object in the scene. This assumption, while often practical, may not be valid in all scenarios, particularly when
no reference objects are available.

A potential source of uncertainty is the measurement of the object height (%, or 4,). In this study, the objects were
either of known dimensions (e.g., standardized items) or measured manually, which kept this error small compared to
other sources. A more detailed perturbation study could be considered in future work.

Another limitation concerns the accuracy of the ground truth distances. In our dataset, reference values were obtained
from GPS readings and online maps, which themselves are subject to measurement uncertainty. Typical GPS errors are
on the order of a few meters in horizontal positioning and can be larger in vertical measurements. This uncertainty
propagates into the evaluation of our methods and should be considered when interpreting the reported error metrics.
Ground truth errors are small relative to the studied distances and do not affect the overall conclusions, but they still add
some variability. The estimation error depends on distance and scene type. For ground-level scenes up to about 30—40 m,
the proposed estimators remain consistent, while for long-range drone imagery, the accuracy decreases due to the small
apparent object size in pixels. To sum up, the ground truth distances obtained from GPS and online maps may include
errors of several meters, which contribute to the uncertainty of MAE and RMSE values. The estimators are linearly
sensitive to errors in the assumed real-world object height (4,): small perturbations of £5 — 10% in A, produce
approximately proportional changes in MAPE and MSD. On the contrary, deep learning—based monocular depth methods
and homography-based approaches typically yield lower errors when properly trained or when scene priors are available,
but they require substantial training data or explicit calibration/scene markers. Our heuristics are intended as a
complementary, low-data alternative for situations where those resources are not available.

Another limitation stems from the simplified geometric formulation adopted by the proposed estimators. The
methods intentionally avoid the use of intrinsic camera parameters, such as focal length, sensor size, or pixel pitch, in
order to remain calibration-free and applicable to heterogeneous imaging devices. Consequently, differences in optical
characteristics between devices are not explicitly modeled and may introduce systematic bias, particularly when cameras
with substantially different fields of view or imaging pipelines are compared. The present study partially decreases this
effect through evaluation on multiple consumer devices with different image resolutions; however, explicit modeling of
intrinsic parameters or device-specific calibration could further improve estimation accuracy and constitutes an interesting
direction for future research.
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Finally, the present work does not include an extensive robustness analysis with respect to factors such as
illumination changes, occlusions, or extreme viewing angles. The discussion of potential applications in robotics,
environmental monitoring, and forensics should also be seen as preliminary. Although these domains appear promising,
real-world case studies and deployment tests are needed to fully validate the applicability of the proposed methods.

Despite these limitations, the presented heuristics fill an important methodological gap. They provide a lightweight,
interpretable, and resource-efficient alternative that remains useful when metadata is missing, unreliable, or deliberately
removed, and when advanced data-driven methods cannot be applied.

4.8. Discussion and summary

Experiments showed that the proposed methods reliably estimate the distance between the camera and the object.
Proposed methods work well both for small objects photographed from small distances as well as for big objects at long
distances. Tests were conducted with cameras that produce images at approximately 25-30 mm focal length, such as
smartphones and drones. The changes of the focal length are not taken into account; therefore, the estimation of the
distance will not be correct if the focal length changes from 30 millimeters to higher values, which are available in zoom
compact cameras or DSLRs. However, smartphones and drones are becoming increasingly popular, and many people
have abandoned traditional cameras, so this method can be very useful for these kinds of photographic devices, since they
have a limited possibility to change the focal length. Obviously, the obtained results are not precise, but note that although
the camera pinhole model requires much more parameters, it also gives approximate results. The required knowledge
about the focal length and the size of the object at the camera's sensor is a strong disadvantage of the CPH method. The
focal length is usually stored as EXIF metadata, which can be easily manipulated or deleted. The information about the
camera's sensor size, which is used to determine the size of the object, should be given by camera manufacturers.
Unfortunately, most, especially smartphone manufacturers, do not disclose about precise type and size of the sensor. The
proposed methods do not require the aforementioned information.

The proposed heuristics are deliberately simple and are not intended to compete with advanced deep learning-based
monocular depth estimation methods. Instead, they are designed as lightweight, geometry-inspired engineering
approximations that can estimate object distance without requiring camera calibration, intrinsic parameters, or image
metadata. This makes them suitable for practical scenarios where such information is unavailable, for example when
analyzing images acquired from heterogeneous mobile devices or multimedia evidence in forensic investigations. The
trade-off for this simplicity is reduced accuracy in challenging imaging conditions, particularly when strong lens distortion
or non-ideal imaging geometry is present.

The proposed heuristics, despite their simplicity, can be useful in scenarios where camera metadata is missing or
unreliable. Potential applications include low-cost mobile robotics (e.g., obstacle approximation using a known object),
environmental monitoring (estimating distances to reference markers or vegetation), or forensic imaging, where metadata
is often stripped intentionally. While a detailed case study lies beyond the scope of this work, these examples illustrate
the practical utility of lightweight distance estimation in diverse fields.

For reference, we compared our estimator with a simple single-device FOV calibration baseline. The calibrated
variant reduced bias by approximately 10%, at the cost of requiring a one-time setup. Compared to monocular depth
networks, our approach trades absolute accuracy for transparency and independence from training data, which is
beneficial in constrained or forensic settings.

While the methods inherit the limitations of heuristic approaches and are less accurate than state-of-the-art learning-
based techniques, they fill an important methodological gap. Specifically, they provide a transparent, computationally
inexpensive alternative that remains applicable when data-driven methods are infeasible due to resource constraints or
lack of training data.

The potential forensic use cases assume the scenario where only a single image is available and calibration is lacking;
however, real-world forensic deployment would require dedicated validation and adherence to chain-of-custody practices.
Therefore, the proposed methods are intended for exploratory forensic scenarios involving single images without access
to camera calibration data.

5. Conclusions and future work

In this paper, an approach for estimating the distance between the camera and the photographed object was proposed.
The main objective was to estimate the distance only from a single photograph, without the use of such camera parameters
as focal length or image sensor format. The experiments were conducted on a representative set of images from different
devices, such as smartphones, compact cameras, and drones. The statistical analysis confirmed the comparable efficiency
with the state-of-the-art approach. Therefore, the proposed methods can be successfully used for distance estimation for
devices with no possibility to change the focal length, like smartphones or drones.

The proposed approach also has several limitations. Its accuracy depends on the quality of object detection, the
estimation of the reference height, image resolution, and the imaging geometry, with performance generally deteriorating
for long object distances and in the presence of strong lens distortion. Therefore, the proposed estimators should be
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regarded as lightweight engineering approximations intended for scenarios where camera calibration and intrinsic
parameters are unavailable.

Future work will focus on improving robustness across different camera types by incorporating simplified camera
models, accounting for lens characteristics, and evaluating the proposed heuristics on larger and more diverse datasets.
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