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Abstract: A pointer meter automatic reading algorithm integrating geometric constraints is proposed. First, the dial region is
located by the Hough circle transform, and the dial centre is taken as the pointer rotation centre. Then, segmentation thresholds
are selected adaptively according to the pointer colour, pointer pixels are extracted within a restricted annulus, and the pointer
direction is determined by angular histogram voting. Next, the recognition result is screened for geometric consistency using the
rotation centre, annulus and confidence constraints, and a rejection state is output when the evidence is insufficient. Finally, the
meter reading is calculated from the angular proportion of the pointer between the start and end scale marks. A 0 to 6 bar pressure
gauge in a public real-image dataset is taken as the object, and the accepted readings are established by two independent reading
rounds and a third-round arbitration. The experimental results show that the mean absolute error of 10 test samples is 0.375 bar
with a fiducial error of 6.24 percent; for the 8 samples whose pointer direction is correctly judged, the mean absolute error is
0.100 bar with a fiducial error of 1.66 percent; the recognition confidence of yellow pointers is clearly higher than that of dark
and light pointers, so the rejection threshold should be set separately for each pointer colour.
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detection with semantic segmentation to read meters in UAV

1. Introduction inspection images. Because each meter occupies only a small

Pointer meters are widely used in electric power, chemical ~ Proportion of the image, pointer details are easily lost.
engineering, manufacturing, and other fields because of their Readmg calculation methods mainly include angle-based ?}nd
simple structure, low cost, strong resistance to d1stanc§-based approaches. Xu et al.[9] useq Demlng
electromagnetic interference, and intuitive indication of ~ regression and ROI refinement to fit the pointer line,
changing trends. However, because their displayed values improving reading accuracy, Leon-Alcazar et al.[lQ] trained
cannot be converted directly into electrical signal outputs, a network on synthc?tlc data and thep calculated read1ng§ from
readings are generally taken manually on site. Reading is real images, but differences remain between synthetic and
inefficient and easily affected by the viewing angle and the field images. )
operator's condition when meters are mounted high, ) Althpugh thes.e methods have achieved Some  success,
equipment is densely arranged, or periodic verification is llmltatlons remain. .For example, some re.qulreilarge-scale
required. With the widespread adoption of computer vision in pixel-level or keypoint-annotated data to train their networks,
industry, image-based automatic meter-reading methods have while others do not constrain the geometric relationships
become increasingly common([1, 2]. among the pointer axis, the rotation centre, and thg scalg:,

Current methods for automatically reading pointer meters causing incorrect readings to be output when the pointer is
typically comprise meter localization, pointer recognition, misidentified or the centre is offsgt. In addltlon., thg source of
and reading calculation. Meter localization mainly uses  the ground-truth readings used in some studies is unclear,
template registration or object detection. Sun et al.[3] used reducing the credlbll}t.y of error e\./alua.tllon. These 11m1ta‘F10ns
template registration and progressive localization to identify weaken the adaptability and verifiability of the associated
the meter region. This method is sensitive to meter type, meth(?ds. ] _ _
shooting distance, and local texture; Howells et al.[4] This paper proposes an automatic pointer-meter reading
implemented meter localization and real-time transcriptionon ~ Mmethod that integrates geometric constraints. First, the dial is
mobile devices, but focused primarily on inference speed 1ocahzed using th'e Hough glrcle transform, and'the d1§11 centre
under limited computing resources. In complex environments, 15 taken as the pointer rotation centre. Next, pointer pixels are
Zhu et al.[5] reported that rain and fog simultaneously reduce exfracted' ada'pnv‘ely acco?dmg to pointer ‘colour, and 'the
the contrast of dial edges and fine scale marks, and that a pointer direction is determined by angular histogram voting.
single image-enhancement technique cannot eliminate all The recognition result is then screened using rotation-centre,
reading errors; Liu et al.[6] used multistage enhancement for annulus, and confidence constraints. Finally, the meter
low-quality outdoor images, but glass reflections, oblique reading is calculated from the angular proportion of the
projection, and local occlusion still alter the spatial pomjter between the.start aqd end scale mar.ks. To ensure
relationship between the pointer and the scale. Pointer  credible error evaluation, two independent reading rounds and
recognition methods mainly include attention networks and a thl.I'd—I‘Olll’ld ac.ljudlcatlon are used to estabhsh the manual
detection-segmentation  approaches. Zhang et al.[7] read%ngs. Experlments. show 'that .the method yields accqrate
introduced an attention mechanism to enhance locally salient readings wh'en.the pointer direction is correctly det'ermlned
regions, but this does not ensure that the pointer axis passes and can distinguish low-confidence results using the
through the rotation centre; Deng et al.[8] combined object confidence measure.
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2. Pointer-Meter Reading Algorithm

2.1. Meter-Region Localization

A two-stage method combining an object-detection
network with a semantic-segmentation network can
effectively localize a meter and extract its pointer[11, 12],
while dial-segmentation studies in substation scenes also
show that local structural features are important for scale-
mark localization[13]. However, these methods require large
amounts of annotated data. Because the outer edge of a
circular pointer meter has a distinct circular shape, this paper
uses the Hough circle transform to localize the dial and takes
its centre as the pointer rotation centre. The circular region
defined by this centre and the dial radius is used as the meter
region for subsequent processing.

First, the image is converted to grayscale, and a 5 x 5
median filter is used to suppress the effect of noise on edge
detection. The gradient Hough circle transform is then used to
vote on edge points. Let the coordinates of an edge point in
the image be (x,y), the candidate circle centre be (a, b), and
the radius be r. Then

(X - a)Z + (y - b)z = rz'rmin <7 < Tmax (1)
where a, b, and r accumulate votes in parameter space. The
circle with the largest accumulator value is taken as the outer
edge of the dial, with centre C(cy, ¢y ), and radius R; 1y
and 7. are the radius thresholds used to exclude
interference from adjacent meters and background arcs; they
are set to 90 and 230 pixels, respectively. Research on
adaptive recognition indicates that practical deployment
should distinguish between detection-box quality and dial-
geometry quality[14]; perspective correction can reduce
distortion caused by oblique views but requires stable
corresponding points[15]; input scaling in lightweight
detection networks also changes the effective pixel width of
fine scale marks[16]. Therefore, the meter region is cropped
at the original resolution, and the unenhanced image is
retained for subsequent review. The meter-region localization
result is shown in Fig. 1(b).

2.2. Pointer Recognition

Based on the shape and colour characteristics of meter
pointers, a method combining colour segmentation and
angular histogram voting is proposed to localize the pointer
and determine its direction. In terms of shape, the pointer
consists of a slender shaft and a broad counterweight near the
rotation centre, with the shaft tip extending toward the scale.
In terms of colour, the pointer colour is fixed for a given meter
and differs clearly from the dial background. Chen et al.[17]
combined projection, thinning, and line-segment detection to
recognize the pointer; keypoint methods[18, 19] and
segmentation networks[20, 21] determine the pointer from the
tip and centre keypoints or from a pixel-level mask,

(a) Original image

(b) Dial localization

respectively. Both latter approaches require image-by-image
annotation.

First, segmentation thresholds are selected according to
pointer colour. Dark pointers are segmented in grayscale
space, while light and yellow pointers are segmented in HSV
space. The candidate pointer-pixel set Mis

M =(x,y)|g <T,, for dark pointers; (x,y)|V >Ty,S <Ts,

for light pointers; (x,y)|H; < H < H,,S > T¢,V > T/, for

yellow pointers 2

where g is the grayscale value, H,S,V are the hue,

saturation, and value, respectively, and T are the

corresponding thresholds. In this study, the settings are
T, =90, T, =150, Ts =80, H, =15, H, =40, Ts' =T,,' =100.

Next, to exclude interference from same-colour pixels
belonging to the rotation-centre screw, scale numerals, and
trademark graphics, only candidate pixels within the annulus
on the inner side of the scale are retained, giving

M' =(x;,y;) € M|pin - R <d; <Pout - R (3)

where d; is the distance from the pixel to centre C, and p;,
and poyu: are the inner and outer annulus-radius ratios. In this
study, the inner ratio is set to p;, =0.10, the outer ratio for
dark and yellow pointers is set to p,, =0.80, and the outer
ratio for light pointers is set to pgy, =0.62.

Finally, the angle of each pixel in M' relative to the centre
is calculated as

0; =arctan2(x; —cy, ¢, —Y;) 4)

Angles are measured clockwise from 0 degrees at the 12
o'clock position. Because pixels at the far end of the pointer
shaft more reliably indicate its direction, whereas the
counterweight is concentrated near the centre, d; is used as
the weight to construct a 1-degree-resolution angular
histogram, whose peak angle is Opeai; pixels within the
Opeax T 8° window are then combined by weighted vector
summation to obtain the pointer direction angle 8,. This
retains as much shaft information as possible while reducing
the effect of the counterweight and same-colour interfering
pixels. For dark pointers, the number of dark pixels may also
be counted radially at each angle, with the direction
containing the most pixels taken as the pointer direction. Both
procedures are forms of angular voting. The pointer-
recognition process is shown in Fig. 1.

2.3. Geometric-Consistency Constraints

Detection- and semantic-segmentation-based reading
methods can provide a reference for mask extraction[22],
while structural enhancement and keypoint constraints can
improve robustness in complex environments[23]. This paper
uses geometric-consistency constraints to determine whether
a recognition result is reliable. The confidence of the angle
estimate is defined as

— Ziewd;
Ziem di

c

(6))

(c) Pointer extraction (d) Pointer direction

Fig 1. Pointer-recognition process
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where W is the set of pixels within the peak window. As ¢
increases, the candidate pixels in the annulus become more
concentrated in one direction, providing stronger geometric
evidence for the pointer direction; as ¢ decreases, a larger
proportion of the pixels are interference from scale numerals,
screws, or reflections. A rejection state is output if any of the
following occurs: no dial circle satisfying the radius threshold
is detected; fewer than 20 pointer-candidate pixels are found
in the annulus; the confidence ¢ is below the threshold T,; or
the pointer direction angle lies outside the valid arc bounded
by the start and end scale angles. Although lightweight
segmentation can accelerate mask extraction, it cannot
replace range validation and outlier blocking[24]. Therefore,
these constraints must be retained regardless of the
segmentation method used.

2.4. Meter-Reading Calculation

The meter reading is calculated from the pointer direction
angle and the start and end major scale marks, which
determine the value corresponding to the pointer's relative
position within the valid arc. Equation (6) gives the reading
formula, in which ¥ denotes the calculated meter reading.

A 0,—a
= ;_a X (v —vp) + vy (6)

where @, 8 are the angles of the start and end major scale
marks, respectively, and v,, v, are the corresponding scale
values. All angles are unwrapped clockwise into the same
continuous interval. If the scale intervals are unequal, the two
adjacent major scale marks bracketing the pointer replace the
start and end marks, and Eq. (6) is used for interpolation
within the local interval[25]. For a pointer-angle error of 46,
the reading error is

(v1 —vo)
Adv=—-">X%A4
v G—a) 6 @)

Equation (7) shows that a larger measurement range and a
smaller valid-arc angle produce a greater reading error for a
given angular error. The theoretical angular sensitivities of the
five meter types are shown in Table 2. This table illustrates
only how measurement range and arc angle affect error
propagation; it does not represent the measured error of the
algorithm.

3. Experimental Analysis
3.1. Experimental Data and Platform

The experimental material is limited to available, verifiable
public real-image data. The tasks and annotation status of
each dataset are shown in Table 1. Scene isolation and cross-
set deduplication have been verified by shooting session for
the PaddleX detection and segmentation sets. The detection
set contains 783 images and the segmentation set 407 images;
both are reserved for subsequent network training. The
reading experiment uses the pointer-meter-reader dataset,
which contains 40 photographs divided into 31 groups
according to the release-package directory, with five meter
types in each photograph. The group-level values supplied
with the release package lack independent calibration or per-
image measurement evidence and are therefore not used as
ground-truth readings. Unlike the 213 real images of 15
pressure gauges used by Zuo et al.[26], the present reading
experiment has a smaller sample size, and its conclusions
apply only to the selected meter. Networks such as
lightweight YOLO, U?-Net, and LinkNet[27, 28] can improve
localization and segmentation accuracy but require large
annotated datasets, so they are not used in this study.

Table 1. Datasets and annotation status

Dataset Task

Number of images

Annotation status

PaddleX detection set Dial detection

783 images: 464 training, 30
validation, and 289 test

Meter bounding boxes

Pointer and scale

PaddleX segmentation set .
segmentation

407 images: 259 training, 24

validation, and 124 test

Pixel-level masks

pointer-meter-reader Reading experiment

40 photographs in 31 groups

Group-level values, not used as
ground-truth readings

Table 2. Theoretical angular sensitivity of different meters

Meter Range width Valid-arc angle Reading change per degree Reading error for a 2-degree
angular error
Meter 1 1.6 bar 275.5° 0.0058 bar 0.0116 bar
Meter 2 6 bar 271.4° 0.0221 bar 0.0442 bar
Meter 3 160 psi 239.8° 0.6672 psi 1.3344 psi
Meter 4 10 bar 275.5° 0.0363 bar 0.0726 bar
Meter 5 120 °C 270.1° 0.4443 °C 0.8886 °C

The reading experiment uses the circular, single-pointer
pressure gauge with a range of 0-6 bar and a minimum
division of 0.1 bar, namely Meter 2 in the table. One
photograph with a complete dial is selected from each group,
giving 31 photographs in total. The 21 photographs in Groups
1-21 are development samples used to adjust parameters such
as the candidate region for the circle centre. The 10
photographs in Groups 22-31 are test samples; automatic
readings are obtained in a single run after the parameters are
frozen, with no further adjustment. The pointer-colour
confidence analysis additionally uses eight photographs each
of Meters 2, 3, and 4, plus eight repeated photographs of
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Meter 5, for a total of 32 photographs. Python is used as the
development language and OpenCV as the computer-vision
library.

3.2. Acquisition of Manual Readings

To obtain reliable manual readings, the 31 samples are
interpreted in three rounds. In the first round, a multimodal
large language model reads each enlarged dial image. In the
second round, a human reader independently interprets the
images. Both rounds record the reading, uncertainty range,
and rationale, and neither reader knows the other's result.
After the second-round records are standardized to common



units and checked for row order, the results are merged

according to
v 4@ |

vref = y(l) —_ 17(2)| S u(l) + u(z)

®)

where v, v are the readings from the two rounds, and
u®, u® are the uncertainty ranges reported in the two
rounds. Samples that do not satisfy Eq. (8), as well as samples
lacking a valid second-round record, are submitted to a third
independent reader for adjudication, with the adjudicated
value taken as the accepted reading. The merged results are as
follows: the two readings agree for 24 samples, differ by more
than the uncertainty range for 6 samples, and the second-

round record is invalid for 1 sample. The latter 7 samples are
all adjudicated in the third round. The uncertainty range
reported in the third round is +1 bar, and no rationale is
recorded; consequently, these readings have lower confidence
than the first 24.

3.3. Experimental Results and Analysis

3.3.1. Reading Accuracy

To evaluate the accuracy of the proposed algorithm, the
automatic readings of the 10 test samples are compared with
the accepted readings. The ratio of the absolute error to the
measurement range is used as the fiducial error. The results
are shown in Table 3.

Table 3. Reading results (readings in bar; fiducial error in %)

No. Sample Rougd ! Rougd 2 Accepted reading | Automatic reading | Absolute error | Fiducial error
reading reading
1 setup22 4.45 4.30 4.375 4.433 0.058 0.97
2 setup23 0.40 0.50 0.450 0.378 0.072 1.20
3 setup24 2.55 2.60 2.575 3.844 1.269 21.15
4 setup25 5.75 5.70 5.725 4.044 1.681 28.02
5 setup26 4.65 4.60 4.625 4.578 0.047 0.78
6 setup27 3.95 3.90 3.925 3.900 0.025 0.42
7 setup28 2.95 2.40 2.300 2.089 0.211 3.52
8 setup29 1.75 1.70 1.725 1.756 0.031 0.52
9 setup30 0.95 0.90 0.925 0.700 0.225 3.75
10 setup31 3.00 2.70 2.850 2.722 0.128 2.13

Table 3 shows that the mean absolute error of the 10 test
samples is 0.375 bar and the mean fiducial error is 6.24%.
Samples 3 and 4 have markedly larger errors, with absolute
errors of 1.269 bar and 1.681 bar, respectively. Review of the
overlay images shows that in both cases the detected dial
centre is shifted to the upper right of the true rotation centre,
causing the output pointer direction to be opposite to the
actual direction. After excluding these two samples with
incorrect direction determination, the remaining eight
samples have a mean absolute error of 0.100 bar, a mean
fiducial error of 1.66%, and a maximum absolute error of
0.225 bar, corresponding to a fiducial error of 3.75%. The
direction-determination accuracy is 80%. As shown in Table
2, the reading of Meter 2 changes by approximately 0.022 bar
per degree. A mean absolute error of 0.100 bar therefore
corresponds to an angular error of approximately 4.5 degrees,
indicating that when the direction is correctly determined, the
reading error mainly arises from centre offset and pointer-axis
fitting error. In addition, the accepted reading for Sample 7
comes from the third-round adjudication and has a wider
uncertainty range, so the reliability of its 0.211 bar error is
lower than that of the other samples.

3.3.2. Effect of Pointer Colour on Recognition
Confidence
To analyse the effect of pointer colour on the reliability of
angle estimation, the confidence values of 32 photographs are
calculated using Eq. (5), and a common threshold of 0.15 is
used to classify results as accepted or rejected. The results are
shown in Table 4.

Table 4. Confidence and rejection results for pointer-colour

branches
Pointer Mean Confidence Rejected
Meter

colour confidence range samples
Dark Meter 2 0.131 0.072-0.202 6/8
Dark Meter 5 0.130 0.113-0.179 6/8
Light Meter 4 0.224 0.148-0.252 3/8

Yellow Meter 3 0.966 0.962-0.970 0/8
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Table 4 shows that yellow pointers contrast strongly against
red and black dial backgrounds, producing a mean confidence
of 0.966; all eight photographs are accepted. The mean
confidence values of dark and light pointers are only 0.13-
0.22, mainly because of same-colour numerals, screws, and
reflected pixels on the dial. Applying the same absolute
threshold as for yellow pointers would therefore cause many
false rejections. Thus, the confidence defined in Eq. (5) is
closely related to pointer colour. Rejection thresholds should
not be set uniformly across colours; instead, they should be
calibrated separately for each colour or based on within-
colour quantiles.

3.3.3. Analysis of Failure Samples

Research on aircraft-instrument recognition separates
image-shake removal, centre detection, and pointer
localization into independent stages, making it easier to
identify the source of error [29]. Following this approach, the
errors in the two failure samples in this study both occur
during meter-region localization. The Hough circle transform
detects the metal outer rim of the dial. When the viewing
angle is oblique or reflections from the outer rim are uneven,
the centre of the outer rim no longer coincides with the pointer
rotation centre. In Fig. 1(b), the detected centre is also slightly
below the rotation axis; a larger offset causes the pointer
direction to be misidentified. Moreover, the test program
outputs readings for all 10 samples without triggering
rejection, showing that pixel-count and radius thresholds
alone are insufficient to detect centre offsets. Research on
human-like reading sequences suggests that identifying the
scale interval before locating the pointer tip can reduce the
ambiguity of relying on a global angle alone[30]. Future work
can introduce networks such as lightweight YOLO, U2-Net,
and LinkNet[27, 28] to detect the rotation centre and scale
points, and can validate the centre using a co-circularity
constraint on the scale marks so that a rejection state is output
when the centre is offset. All failure samples are retained in
the test records; none are removed or used for retrospective



parameter tuning because of unfavourable results.

4. Conclusion

Using a circular, single-pointer pressure gauge as an
example, this paper develops an automatic reading algorithm
that integrates geometric constraints. The dial is first localized
with the Hough circle transform to determine the pointer
rotation centre. Pointer pixels are then extracted adaptively
according to pointer colour, and the pointer direction is
determined by combining an annulus constraint with angular
histogram voting. The recognition result is subsequently
screened using confidence and valid-arc constraints. Finally,
the meter reading is calculated from the angular proportion of
the pointer between the start and end scale marks. To ensure
credible error evaluation, accepted readings are established
using two independent reading rounds and a third-round
adjudication. Experiments show that the 10 test samples have
a mean absolute error of 0.375 bar and a fiducial error of
6.24%; the eight samples whose directions are correctly
determined have a mean absolute error of 0.100 bar and a
fiducial error of 1.66%. The experiments also show that the
recognition confidence of yellow pointers is substantially
higher than that of dark and light pointers, so rejection
thresholds should be set separately by pointer colour. The
limitations of this study are that the reading experiment
covers only one meter type and uses a small test set, the
accepted readings for seven samples come from third-round
adjudication, and the method cannot yet reject results
automatically when the dial centre is offset. Future work will
introduce deep networks to detect the rotation centre and scale
points and will repeat the reading procedure on the remaining
meters to evaluate the method's generalizability.
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