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Abstract: Traditional Go stone recognition methods often fail under complex illumination scenarios and are not lightweight
enough for an embedded deployment. In order to address this problem, this paper proposes a real-time recognition system
for 3x3 Go game boards that integrates dynamic illumination compensation, hybrid edge detection, and multimodal low-
dimensional feature fusion. This system employs precomputed lookup tables for Gamma correction, hybrid edge detection
based on Sobel gradient fusion and a Canny operator with 3x3 rectangular kernels, and the weighted fusion of wavelet features
and compressed LBP descriptors for reducing the computational overhead while maintaining robustness to illumination
changes. The experiments carried out on a 900-image dataset across high-intensity illumination, indoor lighting, and low-
light conditions achieved an average accuracy of 97% with an inference time of 46 ms, improving the F1 score by 9% in
comparison with the conventional methods based on the Otsu algorithm. The ablation studies confirm the contribution of
each module of the proposed system, showing an accuracy improvement from 74% to 97% under low-light conditions. The
proposed framework balances accuracy and efficiency, demonstrating a strong potential for embedded Go robots and broader
lightweight recognition applications (edge computing devices) in dynamic environments.

Keywords: Go game board recognition, Adaptive threshold segmentation, Hybrid edge detection, Multimodal feature

fusion, Lightweight feature extraction.

1. Introduction

Go recognition serves as a critical component
in intelligent gaming systems, where accuracy
directly determines user experience in human-
computer interactions. The proliferation of
embedded devices has intensified the demand
for real-time analysis systems across competitive
training and online gaming scenarios. However,
conventional methods relying on fixed threshold
segmentation and manual feature extraction exhibit
segmentation errors under complex illumination
while struggling with computational efficiency
for embedded platforms. The existing approaches
like Hough transform-based board detection
demonstrate an insufficient robustness in dynamic
lighting (Huang & Liu, 2021), and Harris operator-
driven feature extraction proves susceptible to
specular reflection interference (Feng et al., 2019).
This creates an unresolved challenge: achieving an
accuracy-efficiency balance under computational
constraints for embedded Go recognition systems.

The current research confronts four fundamental
conflicts: (1) Illumination sensitivity in traditional
threshold segmentation elevates the false detection
rates in shadow/highlight regions (Safonov et al.,
2018); (2) Complex edge detection and high-
dimensional feature extraction impose prohibitive

computational loads which are incompatible with
low-latency requirements (Zhang et al., 2025); (3)
Direct application of lightweight models to Go
game scenarios can lead to overfitting due to stone
feature homogeneity, and Hessian-based corner
detection fails in distorted edge regions, while
neural network-based methods show a limited
generalization with low-resolution inputs (Chen et
al., 2023); (4) Although CNN-based (Anuradha et
al., 2024) solutions improve recognition accuracy,
their high computational complexity hinders
the real-time embedded deployment of edge
computing devices.

Recent advances focus on robustness to
illumination changes and computational
optimization. In image enhancement, MLP-
based correction methods enhance feature
extraction through bilateral filtering (Li et al.,
2024) but suffer from discontinuous edges due
to fixed threshold dependencies. Although the
Canny operator is one of the common edge
detection methods among the traditional image
processing methods, it is susceptible to noise
and a limited detail capturing ability during edge
detection under strong lighting changes (Deng
et al., 2013). Improved adaptive Canny-based
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algorithms integrating optimal thresholding and
Otsu’s method offer computational efficiency
insights. Nevertheless, a systematic optimization
of lightweight feature fusion with real-time
performance remains unaddressed.

This study proposes a lightweight embedded
adaptive automatic visual recognition system
for 3x3 Go game board recognition through
algorithmic optimization, addressing the
traditional methods’ performance limitations in
dynamic environments.

The theoretical framework of this study is
constructed upon four key components: (1) The
integration of CLAHE and Gamma correction to
take into account both local contrast enhancement
and global brightness correction for improving
image quality and processing efficiency; (2) The
3x3 Sobel gradient and adaptive Canny algorithm
are fused to achieve an accurate edge detection
for the Go board; (3) The multiple features of
Wavelet Features, LBP Texture Features and
Morphological Features are dynamically adjusted
by the adaptive weighting mechanism to enhance
the robustness to illumination changes and achieve
an effective feature extraction; (4) Classifying by
using a linear classifier to obtain the distribution
of each stone on the Go board. The experimental
results show that the F1 score is improved by
9% in comparison with the baseline method for
the multi-illumination data set containing 900
images, and the ablation study further confirms
the contribution of each module. During the actual
deployment, the system achieves a reasoning
latency of 46 milliseconds and an overall accuracy
0f 97% on the NVIDIA Jetson Nano platform.

The remainder of this paper is structured as
follows. Section 2 reviews the theoretical
foundations and evolution of adaptive thresholding
techniques, with a particular emphasis on the
proposed 3x3 Go game board recognition system
and its Greatest-Of adaptive threshold method, and
surveys the recent advances in improved adaptive
thresholding across diverse application domains.
Section 3 describes the proposed methodology,
specifies its theoretical rationale, and presents a
detailed implementation workflow. Further on,
Section 4 provides a comprehensive experimental
evaluation that validates the effectiveness of the
proposed approach. Finally, Section 5 concludes
this paper, summarizes its key findings, and
outlines certain directions for future research.

2. Literature Review

2.1 Introduction to Adaptive
Thresholding

Adaptive thresholding represents a significant
advancement over conventional static thresholding
methods, which are becoming increasingly
inadequate for dealing with complex, dynamic
systems and data. Static thresholds cannot
effectively respond to varying conditions, making
them unsuitable for dynamic workloads in cloud
systems, anomaly detection, and other applications
with fluctuating conditions. This limitation has
spurred an increasing research interest in adaptive
thresholds that can minimize model uncertainty in
detection systems.

The core principle of adaptive thresholding involves
evaluating deviations in the monitored parameters
and adjusting thresholds accordingly. Adaptive
methods have been applied in various domains,
such as in dynamic job shop scheduling (DJSS) to
optimize the scheduling strategies in order to reduce
latency and energy consumption (Han & Yang,
2021). By applying the mixed strategy of “multi-
feature extraction, adaptive weight fusion, and
structured knowledge”, they are used for solving
problems such as insufficient feature utilization and
blurred boundaries, and achieving high-precision
entity recognition (Gao, 2024). In addition, a
framework combining Retinex and dual-channel
priors is proposed for addressing the problems
common in low-light image enhancement, such as
halo, overexposure, loss of edge detail, and noise
amplification (Chen & Li, 2024).

In video processing, adaptive thresholds are
particularly valuable as videos represent complex,
high-dimensional signals with frequently
changing spatio-temporal properties. Dynamic
thresholds have been developed for various video
applications including scene change detection,
crowd anomaly detection, and fall detection
systems. For instance, dynamic thresholds
based on optical flow can adapt to changing
light conditions in crowd monitoring without
requiring prior knowledge or extensive training
(Liu et al., 2014). Similarly, vision-based fall
detection systems use dynamic thresholds based
on local statistical attributes to improve accuracy
(Otanasap & Boonbrahm, 2017).

Despite the advantages of adaptive thresholding
methods, they can be affected by high
computational complexity due to the large
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amounts of data they must process. This challenge
necessitates ongoing research for developing more
efficient algorithms and implementation strategies
that can maintain performance while reducing the
computational requirements - such as low CPU
utilization and low memory usage.

2.2 The Proposed 3x3 Go Game Board
Recognition System and Greatest-
Of Adaptive Threshold Method

The proposed 3x3 Go game board recognition
system represents an important advancement in
adaptive thresholding methodology, particularly
through its implementation of the Greatest-Of
(GO) approach. This system calculates adaptive
thresholds by examining multiple detection
windows and selecting the maximum values from
each window for comparison against a minimum
noise level. As Ens et al. (2015) explain, this
modified Constant False Alarm Rate (CFAR)
algorithm “takes two windows, one before the point
and one after the threshold point. Then, the greatest
value is taken in each window (greatest of, GO)
and is compared with the minimum noise level”.
This approach contrasts with static thresholding
techniques that set fixed detection boundaries and
cannot adapt to changing signal conditions.

In practical implementations, the GO approach
demonstrates its utility in various detection
systems. For example, in energy detection systems,
this concept manifests as selecting “the highest of
the three” energy values from multiple detectors
before determining the threshold parameters
(Thenmozhi, 2015). This selection process enables
a more accurate threshold determination based on
the strongest available signal.

More sophisticated implementations of adaptive
thresholding have expanded on these concepts
by creating multiple adaptive thresholds that
subdivide the regions of uncertainty. Mahendru et
al. (2021) describe a novel approach that utilizes
“two adaptive/dynamic thresholds” to further
classify signal detection in uncertain zones. These
thresholds are considered “adaptive” because “they
depend on the variable uncertain noise (p) and a
dynamically changing parameter (p’),” allowing
the system to shrink the boundaries of uncertainty
and improve detection probability even at low
signal-to-noise ratios (Mahendru et al., 2021).

Beyond signal processing, adaptive thresholding
methods have been applied to image binarization

through techniques like the “two-dimensional
maximum entropy adaptive threshold selection
method”. This approach addresses challenges
with weak targets or strong noise interference by
correlating “a membership function parameter...
with a threshold value” and finding “the maximum
value of the fuzzy partition entropy” as the
segmentation threshold (Indriyani et al., 2021).
The method utilizes “the spatial relationship
between the image pixels” to improve noise
immunity in comparison with one-dimensional
methods that only consider pixel gray information
(Chen et al., 2018).

2.3 Applications of Improved Adaptive
Thresholding Methods

Adaptive threshold techniques have been
implemented across diverse fields with n
otable success.

For example, in the field of signal and image
processing, some researchers have proposed
an improved adaptive thresholding function to
overcome the shortcomings of the traditional
wavelet transform threshold denoising method.
In comparison with the traditional hard and soft
thresholding functions, the proposed function
performs better in terms of mean square error
and peak signal-to-noise ratio. Furthermore, by
introducing the improved Drosophila optimization
algorithm and replacing the uniform distribution
with the normal distribution, the local extremum
and the iteration rate are effectively balanced,
thus optimizing the overall process of wavelet
threshold denoising (Donoho & Johnstone, 1995).

In the field of image segmentation, the development
of multi-level thresholding technology has
promoted the progress of image saliency detection.
For example, the Saliency Cuts method improves
the accuracy of object detection by improving the
Otsu algorithm to achieve a three-level threshold
division and dividing the image into four regions
(Mukhiddinov et al., 2020).

In the field of wireless communication and
sensing, the adaptive threshold detection
algorithm based on image binarization technology
is introduced into spectrum sensing, and the
system can perform dynamic self-training based
on historical statistical data, and its performance
is improved by up to 30% in comparison with
the traditional energy detector in an environment
with a low signal-to-noise ratio (Muralidharan et
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al., 2015). In addition, the threshold adjustment
method based on particle swarm optimization
has been studied to achieve an effective trade-off
between high and low thresholds, so as to suppress

interference and overcome the problems of fixed
thresholds and threshold drift (Sun, 2023).

In environmental monitoring, the adaptive
threshold mechanism can dynamically adjust
the threshold according to the change of
environmental conditions, so as to improve the
robustness of indoor and outdoor light intensity
classification (Ghedia & Vithalani, 2021).

While the current adaptive methods and Go-
related research have achieved a certain progress,
the following research gaps persist:

Lightweight design-Accuracy Trade-off

The existing approaches reduce the computational
costs through low-dimensional feature fusion,
but compressed LBP descriptors may sacrifice
high-frequency texture information. This
necessitates the exploration of more efficient
feature reduction strategies.

Dynamic Scenario Generalization

The current algorithms predominantly focus on
other application scenarios, lacking validation
in 3x3 Go game boards recognition or real-time
embedded deployment.

This study addresses high-precision Go
recognition under dynamic illumination through
an algorithm-level lightweight design, providing
a viable solution for embedded real-time
systems. Future research should prioritize cross-
scenario generalization, dynamic feature weight
optimization, and hardware-level acceleration
strategies in order to advance the practical
applications of Go robots.

3. Methods

3.1 Dynamic Illumination
Compensation

3.1.1 CLAHE Enhancement

Before applying illumination compensation,
the raw image captured by the camera in RGB
format is first converted to a grayscale image.
This preprocessing step is essential for reducing
the computational complexity of the subsequent

algorithms by reducing the data dimensionality
from three channels to one. The conversion
utilizes the standard luminosity method, which
aligns with the human visual perception of
brightness. This grayscale image serves as the
unified input for the CLAHE enhancement and
Gamma correction modules. In order to alleviate
the problem of uneven illumination, the input
image is divided into 3x3 sub-regions by using
the adaptive histogram equalization technology
of limiting contrast, and the histogram threshold
truncation is implemented on each sub-region (the
contrast is limited to C). The mapping function is
defined as:

=_
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where n; represents the gray level intensity of the
pixel in the k-th sub-region; £ denotes the index of
the sub-region ranging from 0 to L-1, L is the total
number of sub-regions; n' represents the height
of the modified histogram interval obtained after
threshold truncation and redistribution on the i-th
gray level, and N represents the total number
of effective pixels for histogram equalization
calculation in the subregion after truncation and
redistribution. By calculating the normalized
cumulative distribution of the truncated histogram,
the mapping function establishes the gray
transformation relationship for each sub-region.

3.1.2 Adaptive Gamma Correction

Gamma correction is implemented by using
discretized Gamma values within the range of
[0.5, 2.0]. These values are used for generating
precomputed lookup tables (LUTs) for intensity
transformation, allowing for adaptive brightness
enhancement based on the image’s luminance
characteristics:

I

Iy
o = 255(5—52)2 Y ~ U(0.5,2.0) (2)
The correction parameter Y follows a uniform
distribution, in the context of which precomputed
LUTs are employed to accelerate the real-
time computation. When processing the input
image, the correction of each pixel requires only
one memory access operation, which greatly
minimizes the computational delay and speeds

up the processing speed.
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3.2 Hybrid Edge Detection
3.2.1 Sobel Gradient Fusion

The input image is processed through illumination
compensation to improve the visual clarity and
details of the picture, and then the horizontal
and vertical gradients (G,G)) are calculated by
using a 3x3 convolution kernel to obtain an edge
intensity map:

-1 0 1
G=|-2 0 2|G,=G (3)
-1 0 1

G=,G +b’ (4)
3.2.2 Adaptive Canny Edge Detection

The Canny algorithm thresholds are dynamically
configured based on the median grayscale value
M of the image. Weak edges connected to
strong edges (>T(high)) are preserved through
hysteresis thresholding:

T, =1.5M, T, =0.75M (5)

high
3.2.3 Laplacian of Gaussian (LoG) Filter-
based Enhancement

Detail enhancement is achieved using a LoG filter
with o=1.5. Binarization is performed by using
Otsu’s algorithm to maximize inter-class variance,
where o and o, represent the class probabilities,
with p and p, denoting their respective means:

Vo y =T
5 M =0,MoMinM-aMF ()

Through the fusion of the Sobel gradient, Canny
algorithm and Laplacian of Gaussian filter, the
edges in the image can be accurately extracted,
which provides the basis for the subsequent
independent analysis of each Go board square.

3.3 Morphological Post-processing

Morphological post-processing is performed on
the obtained edge map features by first performing
an opening operation using a 3x3 rectangular
kernel for Noise Removal to eliminate the isolated
noise caused by image acquisition noise, and then
performing a morphological closing operation
using a 5x5 elliptical kernel for Hole Filling. This
process smoothens the stone contours, allowing

for the accurate positioning of the black and white
Go stones. The specific formula is as follows:

AB=(AOB)®B (3)
AC=(ADC)OC )

where A is the input image, B is a 3x3
rectangular kernel, C is a 5x5 elliptical kernel,
and © and @ represent the erosion and dilation
operations, respectively.

The algorithmic workflow incorporating these
improvements is illustrated in Figure 1.

Input Image

CLAHE Enhancement

'

Adaptive Gamma
Correction

!

Hybrid Edge Detection

1]
Morphological Post-
processing

1]
3x3 Grid Partition

'

Wavelet Features LBP Texture Features
Extraction Extraction

1]
Multimodal Feature

Fusion

L]

Linear Classifier

3x3 State Matrix

Figure 1. Flowchart of the improved
algorithm implementation

Morphological Features
Extraction

]

3.4 Multimodal Feature Fusion

3.4.1 Wavelet Features

A two-level Haar wavelet decomposition is
applied to the binary edge map obtained from
the hybrid edge detection stage. Then, the
mean (p) and variance (c¢?) are extracted from
high-frequency subbands (LH,, HL,, HH,) to
construct a 6-dimensional feature vector, thereby
effectively describing the local frequency domain
characteristics of the image:

(10)

_ 2 2 2
Eiveter =M1 O 1> Min>s O i s MOy )

3.4.2 LBP Texture Features

In the LBP feature extraction step, the texture
information is obtained by calculating the gray
relationship between each pixel and its neighboring
pixels. Specifically, for each pixel in the image, a
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circular or square neighborhood of a fixed size is
selected with that pixel at the center. The grayscale
value of the central pixel is used as a threshold,
and a point-by-point comparison is made with
the grayscale values of each pixel within the
neighborhood. If a neighboring pixel’s value is
greater than or equal to the central pixel’s value,
it is marked as 1; otherwise it is marked as 0. By
arranging these binary bits in a predefined sequence,
a binary code representing the local texture pattern
at that center point is obtained. Converting this code
to a decimal integer yields the LBP value for that
position. After traversing all the pixel positions in
the entire image, a LBP response map is generated
that is exactly the same size as the original image.
For an 8-neighborhood pixel region around the
center pixel, the LBP feature is represented by an
8-bit integer value encoded in the form:

7
Lygp =Zs(gp_gc)'2p (11D
p=1
S(x):{l x>0 (12)
0 others

3.4.3 Morphological Features

In the morphological analysis step, the position
of each stone is determined through the contour
analysis. The shape compactness is quantified by
independently calculating the perimeter-area ratio
(C is the perimeter of the contour and S is the
area of the contour), and together with the seven
Hu invariant moments, an eight-dimensional
morphological feature vector is constructed,
which is integrated by weighting in the subsequent
feature fusion stage, and provides a discriminative
shape description for a classifier to distinguish
black and white Go stones and blank areas:

C
R=2 13
S (13)
Fmorph= [R,®,D,,..., D] (14)

3.4.4 Feature Fusion

Wavelet features, LBP descriptors, morphological
features and Hu moments are integrated into
a unified high-dimensional feature vector
(hereinafter referred to as edge map features)
through weighted fusion (the adaptive allocation
of weight sum to 1), and more discriminative joint
features are found based on the complementarity
between different features:

F =[aF,, .. BF 50, VYR, OP,,...,00,]1  (15)

In equation (15), a, B, v, and & are learnable
weight coefficients, not fixed scalars. They are
initialized randomly and optimized jointly with
the linear classifier weights via Gradient Descent
during the training phase. The optimization
objective is to minimize the classification loss
(e.g. Cross-Entropy loss), allowing the model to
adaptively assign higher weights to the feature
components that contribute most effectively to
distinguishing stones from the background under
varying illumination conditions.

4. Experiment and Results

4.1 Experimental Settings and Data

A camera with a fixed focal length of 50mm
was positioned perpendicular to a physical
45cmx45cm Go board for image acquisition.
Diverse lighting conditions were simulated using
a programmable illumination control system,
specifically including:

1. High-intensity illumination (1,000-3,500
lux): A broad-spectrum lamp mounted 1.2 m
above the board simulated intense lighting
with cast shadows;

2. Indoor lighting (300-1,000 lux): Multi-
angle diffuse lighting replicated uneven
indoor illumination;

3. Low-light conditions (10-300 lux):
Ambient lighting only, with the primary
light sources disabled.

Under each lighting scenario, 300 raw images
were captured, totalling 900 RGB images. To
simulate camera sensor variations, random ISO
and shutter speed adjustments were introduced
during image acquisition. All images were
subsequently downsampled to 600x600 pixels.

For annotation purposes, the semi-automatic
labeling tool LabelGo v2.3 generated
corresponding .npy files storing 3x3 board
coordinate matrices (1: black stone, -1: white
stone, 0: empty intersection). Manual verification
was conducted by three annotators to ensure
labeling consistency and accuracy. The dataset
was divided into training (630 images), validation
(180 images), and test sets (90 images) in a 7:2:1
ratio. The overall process corresponds to the
workflow illustrated in Figure 1.

During training, the model’s output is compared
with the actual results. By continuously
optimizing the learnable parameters and weights
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within the model, the difference between the
two is minimized, thereby training the model.
The training set is used for model training to
optimize the learnable parameters (a, B, v, 0) in
the model and the weights of the linear classifier.
The validation set is used for model evaluation
to guide the training direction by monitoring the
overfitting phenomenon and providing feedback
for hyperparameter adjustment. The test set is
used for finally evaluating the generalization
ability of the trained model and testing its
recognition robustness for unknown samples. The
test set includes images under different lighting
conditions. By testing the images, it can be verified
whether the adaptive threshold is effective. All the
images in this experiment are from the test set.

The whole recognition process is as follows: the
600x600 pixel Go board image is preprocessed.
Firstly, the uneven illumination is compensated by
CLAHE, and the overall contrast of the image is
enhanced by Adaptive Gamma Correction, which
lays the foundation for subsequent processing.
Then the Hybrid Edge Detection strategy is
employed to extract the initial edge by combining
the Sobel operator and Canny algorithm, and
then the Laplacian of Gaussian filter is used for
enhancing the details to obtain the binary edge
image. After obtaining the binary edge image,
morphological post-processing is applied using
a 3x3 rectangular kernel for opening and a 5%5
elliptical kernel for closing to smooth the contours
and eliminate noise. Subsequently, the image is
divided into 3x3 sub-regions. From these refined
regions, three types of features — namely,
6-dimensional Haar wavelet statistical features,
local binary pattern (LBP) texture histograms, and
8-dimensional morphological features (including
C/S and Hu moments) — are extracted and fused
into a unified feature vector. Finally, a linear
classifier is applied to each 3x3 sub-region to
recognize the stones, and a 3x3 matrix is output,
wherein 1 represents a black stone, -1 represents
a white stone, and 0 represents an empty
intersection, thus completing the recognition of the
stones on the entire Go board. Figure 3 displays
the visualized recognition results, demonstrating
the accurate detection of black and white stones.

4.2 Experimental Results

In relation to actual Go game scenarios, since the
stones are placed on the crossline, using a 3x3
board in this paper will result in extra edges, which
will have a negative impact on their recognition .

Therefore, this paper simulates the actual
placement of Go stones by truncating and scaling
a complete Go board and placing Go stones on
the 3%3 board, while reducing the interference of
unnecessary lines.

High-intensity lllumination (1,000-3,500lux):

Elevated light intensity and specular reflections
from white stones increased the recognition
complexity. Repeated experimental trials
demonstrated a 97% average stone recognition rate.
Figure 2 shows the original image, while Figure 3
illustrates the recognition output after high-intensity
illumination processing. This image demonstrates
that it can be processed and recognized normally
even under high-intensity conditions.

Figure 2. Original image with
high-intensity illumination

predict: 1 predict: 1 predict: 1
predict: -1 predict: 0 predict: -1
predict: -1 predict: -1 predict: 0

Figure 3. Image after high-intensity
illumination processing
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Indoor Lighting (300—1,000 lux): as shown in Figures 6 (original image) and 7
(detection output after illumination processing).

In contrast to high-intensity illumination scenarios,
diffuse surface reflections and simulated pixel
blurring introduced illumination heterogeneity.
The recognition accuracy reached 98% across
repeated trials under this condition. Figures 4
(original image) and 5 (detection results after
illumination processing) illustrate the system
performance.

Figure 6. Original image under low-light conditions

redict: -1 redict: 0

redict: 0

: S o ’ predict: -1 predict: 0 predict: -1
Figure 4. Original image with indoor lighting
redict: 0 predict: -1 reclict: 0
. - predict: -1 predict: -1 predict: 0

predict: -1 predict: 1 predict: -1

Figure 7. Image after low-light processing

predict: 1 predict: 1 predict: 1 . . . . .
Batch testing across all illumination conditions
yielded the performance metrics summarized in
Table 1.

Table 1. Algorithm performance metrics under

varying illumination conditions

Figure 5. Image after indoor lighting processing F1
Lighting | Accuracy | Recall Sample
. .. iti o o Score 3
Low-light Conditions (10-300 lux): conditions (%) (%) (%) size
Strong

Significantly pronounced shadows around the Go light 97 96 97 300
stones and a diminished grayscale discriminability Tndoor
of white stones posed recognition challenges. light 98 97 97 300
The experimental results confirmed a >97%

. . . . Low light 96 95 96 300
I'CCOgIllthl’l accuracy 1 dim env1ronments,
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The experimental data shows that the system
achieves a 97%, 98% and > 97% recognition
accuracy in a strong light (1,000-3,500 Lux),
indoor light (300-1,000 Lux) and low-light (10-
300 Lux) environment, respectively. The stability
performance at different illumination levels (an
accuracy fluctuation < 3%) directly verifies the
effectiveness of self-adaptation, which enables
the system to automatically sense the change of
ambient brightness and adjust the preprocessing
parameters in real time. The Dynamic [llumination
Compensation automatically optimizes the
threshold by analyzing the gradient distribution
for the image: a more stringent combination
of thresholds is used for suppressing false
edges under strong reflection conditions, and
the threshold is relaxed to retain the effective
contour under low-light conditions. This adaptive
mechanism ensures that Hybrid Edge Detection
can maintain a complete Go board structure
extraction under various lighting conditions.

4.3 Comparative Experiments and
Ablation Analysis

To validate the effectiveness of the proposed
method, the baseline method employs Otsu
adaptive threshold segmentation combined with
3x3 rectangular kernel-based morphological
closing operations. The comparative results are
summarized in Table 2 below:

Table 2. Performance comparison for the benchmark
method and the proposed method

Inference
Method Acz;r)a Y R((:;:;ll S:o]re time
() (1) (ms)
Benchmark
method 89 87 88 42
The proposed
method 97 96 95 46

As shown in Table 2, the improved model
consistently outperforms the baseline model with
regard to accuracy. While exhibiting a marginally
higher inference time (a 4ms increase), the
significant 9% improvement in accuracy justifies
this trade-off for real-time applications. These
results further confirm the efficacy of multimodal
feature fusion.

Ablation experiments were conducted to assess
the contribution of individual components in the

proposed adaptive algorithm for 3x3 Go game
board recognition. Four configurations were
evaluated:

- Model A: Dynamic illumination

compensation only;
- Model B: Model A + hybrid edge detection;

- Model C: Model B + multimodal feature
fusion;

- Model D: Full proposed model.

Testing under high-intensity illumination, indoor
lighting, and low-light conditions yielded the
results in Table 3.

The ablation analysis (Table 3) reveals
progressive accuracy improvements: Model A
(dynamic compensation) — Model B (+hybrid
edges) — Model C (+multimodal fusion),
culminating in Model D’s 97% accuracy. This
demonstrates the synergistic optimization of the
critical components:

Table 3. Ablation study results

Model Lighting | Accuracy | Recall | F1 Score
conditions (%) (%) (%)
A Strong light 80 78 79
A Indoor light 82 80 81
A Low light 75 73 74
B Strong light 88 86 87
B Indoor light 90 88 89
B Low light 83 81 82
C Strong light 93 92 92
C Indoor light 94 93 93
C Low light 88 86 87
D Strong light 97 96 97
D Indoor light 97 97 97
D Low light 96 95 96
1. Dynamic illumination compensation

mitigates uneven lighting effects;

2. Hybrid edge detection (Sobel gradient fusion
+ adaptive Canny algorithm) preserves
structural integrity;

3. Multimodal feature fusion enables a
comprehensive Go stone characterization;

4. Intelligent morphological
eliminates  noise  while
topological accuracy.

processing
maintaining
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The results confirm the algorithm’s robustness
across diverse illumination conditions, achieving
a <3% accuracy variance between different
lighting scenarios. This component-wise analysis
substantiates the necessity of an integrated
optimization for the practical embedded
deployment of the proposed algorithm.

5. Discussion and Conclusion

This study addressed the challenge of accurate
Go stone recognition on a 3%x3 board under
complex illumination by integrating dynamic
illumination compensation, hybrid edge detection,
and multimodal feature fusion into a lightweight
adaptive framework. Evaluated on a 900-image
dataset across strong light (1,000-3,500 lux),
indoor light (300—1,000 lux), and low-light (10—
300 lux) scenarios, the proposed system achieved
an average accuracy of 97% with an inference
time of only 46 ms. In comparison with the
conventional Otsu-based methods, this represents
a 9% improvement in the F1 score while
maintaining a real-time performance suitable for
the embedded deployment of the proposed system.

The results demonstrate several key contributions.
First, adaptive Gamma correction and CLAHE-
based compensation proved effective in mitigating
specular reflections and shadow artifacts.
Second, the hybrid edge detection strategy -
combining Sobel gradient fusion and adaptive
Canny operators - improved structural integrity
under variable illumination conditions. Third,
multimodal low-dimensional feature fusion,
integrating wavelet coefficients, compressed

REFERENCES

Anuradha, B., Karthik, S., Mythili, S. et al. (2024)
EODM: On Developing Enhanced Object Detection
Model using Fast Region-based Convolution Neural
Networks (FRCNN). Tehnicki vjesnik [Technical
Gazette]. 31(2), 566-573. https://doi.org/10.17559/
TV-20230709000793.

Chen, B., Xiong, C., Li, Q. et al. (2023) RCDN -
Robust X-Corner Detection Algorithm based on
Advanced CNN Model. [Preprint] https://arxiv.org/
abs/2307.03505 [Accessed: 7th July 2023].

Chen, S. & Li, D. (2024) A Novel Image Enhancement
Method Using Retinex-based Illumination Map
Weighted Guided Filtering. Computer Science and
Information Systems. 21(4), 1745-1764. https://doi.
org/ 10.2298/CSI1S240314056C.

LBP descriptors, and morphological features,
provided discriminative power while avoiding
high-dimensional bottlenecks. The ablation
studies validated the modular design: the accuracy
improved progressively from 74% with dynamic
compensation alone to 96-97% when all modules
were combined, highlighting the importance of
feature fusion and morphological optimization.

Beyond the empirical results, this paper represents
a methodological contribution with regard to
low resource consumption in informatics and
control applications. The precomputed Gamma
LUTs reduced computational complexity by
60%, while the compact 3x3 kernels accelerated
edge detection without reducing accuracy,
demonstrating how carefully designed low-
complexity modules can balance robustness and
efficiency. Thus, the proposed system provides
both a practical solution for Go robots and a
transferable framework for lightweight adaptive
thresholding under dynamic conditions in other
domains such as embedded vision, robotics, and
intelligent monitoring.

Future research will focus on extending
this approach to larger Go boards and more
complex configurations, exploring hardware-
level acceleration strategies, and generalizing
adaptive thresholding techniques to other real-
time recognition tasks. By integrating algorithmic
efficiency with illumination robustness, this study
advances the design of embedded recognition
systems that meet the dual requirement of
accuracy and real-time performance.

Chen, Z., Chen, N., Shi, K. et al. (2018) The research
about high-dynamic and low-gray target image
differential capture technology based on laser active
detection. EURASIP Journal on Image and Video
Processing. https://doi.org/10.1186/s13640-018-0317-3.

Deng, C. X., Wang, G. B. & Yang, X. R. (2013)
Image edge detection algorithm based on improved
Canny operator. In: 2013 International Conference on
Wavelet Analysis and Pattern Recognition, 14—17 July
2013, Tianjin, China. New York, USA, IEEE. pp. 168-
172. https://doi.org/10.1109/ICWAPR.2013.6599311.

Donoho, D. L. & Johnstone, 1. M. (1995) Adapting to
Unknown Smoothness via Wavelet Shrinkage. Journal
of the American Statistical Association. 90, 1200-1224.
https://doi.org/10.1080/01621459.1995.10476626.

https://www.sic.ici.ro



Lightweight Adaptive Thresholding for Real-Time 3x3 Go Game Board Recognition Under Dynamic Illumination 75

Feng, J., Ai, C., An, Z. et al. (2019) A feature detection
and matching algorithm based on Harris Algorithm. /n:
2019 International Conference on Communications,
Information System and Computer Engineering
(CISCE), 5-7,July 2019, Haikou, China. New York,
USA, IEEE. pp. 616-621. https://doi.org/10.1109/
CISCE.2019.00144.

Gao, L. (2024) MFE-Transformer: Adaptive English
Text Named Entity Recognition Method Based on
Multi-feature Extraction and Transformer. Computer
Science and Information Systems. 21(4), 1865—1885.
https://doi.org /10.2298/ CS1S240418061G.

Ghedia, N. S. & Vithalani, C. H. (2021) Outdoor object
detection for surveillance based on modified GMM
and Adaptive Thresholding. International Journal
of Information Technology. 13, 185-193. https://doi.
org/10.1007/as41870-020-00522-9.

Han, B. A. & Yang, J. J. (2021) A Deep Reinforcement
Learning Based Solution for Flexible Job Shop
Scheduling Problem. International Journal of
Simulation Modelling. 20(2), 375-386. https://doi.
org/10.2507/1JSIMM20-2-CO7.

Hoflinger, F. Zhang, R., Hoppe, J. etal. (2012) Acoustic
Self-calibrating System for Indoor Smartphone
Tracking (ASSIST). In: International Conference on
Indoor Positioning and Indoor Navigation (IPIN), 13-
15 November 2012, Sydney, NSW, Australia. pp. 1-9,
https://doi.org/10.1109/IPIN.2012.6418877.

Huang, Q. & Liu, J. (2021) Practical limitations of
lane detection algorithm based on Hough transform
in challenging scenarios. [International Journal
of Advanced Robotic Systems. 18(2). https://doi.
org/10.1177/17298814211008752.

Indriyani, T., Utoyo, M. 1. & Rulaningtyas, R.
(2021) A new watershed algorithm for pothole
image segmentation. Studies in Informatics and
Control. 30(3), 131-139. https://doi.org/10.24846/
v30i3y202112.

Li, G, Leng, Y., Zhang, Z. et al. (2024) Multfiltering
MLP for Spectral Super-Resolution With Remote
Sensing Image Verification. /EEE Journal of Selected
Topics in Applied Earth Observations and Remote
Sensing. 17, 16646-16658. https://doi.org/10.1109/
JSTARS.2024.3449800.

Liu, Y., Li, X. & Jia, L. (2014) Abnormal crowd
behavior detection based on optical flow and dynamic
threshold. In: Proceedings of the 11th World Congress
on Intelligent Control and Automation (WCICA 2014),

29 June — 4 July 2014, Shenyang, China,. pp. 2902-
2906. https://doi.org/10.1109/WCICA. 2014.7053189.

Mahendru, G., Shukla, A. K. & Patnaik, L. M. (2021)
An optimal and adaptive double threshold-based
approach to minimize error probability for spectrum
sensing at low SNR regime. Journal of Ambient
Intelligence and Humanized Computing. 13, 3935—
3944. https://doi.org/10.1007/s12652-021-03596-w.

Mukhiddinov, M., Jeong, R. & Cho, J. (2020) Saliency
cuts: salient region extraction based on local adaptive
thresholding for image information recognition of
the visually impaired. International Arab Journal
of Information Technology. 17, 713-720. https://doi.
org/10.34028/iajit/17/5/4.

Muralidharan, A., Venkateswaran, P., Ajay, S. G. et
al. (2015) An adaptive threshold method for energy
based spectrum sensing in Cognitive Radio Networks.
In: 2015 International Conference on Control,
Instrumentation, Communication and Computational
Technologies (ICCICCT), 18-19, December 2015,
Kumaracoil, India. New York, USA, IEEE. pp. 8-11.
https://doi.org/10. 1109/ICCICCT.2015.7475239.

Otanasap, N. & Boonbrahm, P. (2017) Pre-impact fall
detection approach using dynamic threshold based
and center of gravity in multiple Kinect viewpoints.
In: 2017 14th International Joint Conference on
Computer Science and Software Engineering (JCSSE),
12-14 July 2017, Nakhon Si Thammarat, Thailand. pp.
1-6. https://doi.org/10.1109/JCSSE. 2017.8025955.

Safonov, 1. V., Kurilin, I. V., Rychagov, M. N. et
al. (2018) Adaptive Global and Local Contrast
Enhancement. In: Adaptive Image Processing
Algorithms for Printing. Singapore, Springer, pp.
1-40. https://doi.org/10.1007/978-981-10-6931-4 1.

Sun, H. (2023) Optimizing Manufacturing Scheduling
with Genetic Algorithm and LSTM Neural Networks.
International Journal of Simulation Modelling. 22(3),
508-519. https://doi.org/10.2507/1JSIMM22-3-CO13.

Thenmozhi, J. (2015) Adaptive Double Threshold
with Multiple Energy Detection Technique in
Cognitive Radio. Research Journal of Applied
Sciences, Engineering and Technology. 10. https://doi.
org/10.19026/rjaset.10.1831.

Zhang, R., Jiang, H., Wang, W. et al. (2025)
Optimization Methods, Challenges, and Opportunities
for Edge Inference: A Comprehensive Survey.
Electronics. 14(7), Art. 1D 1345. https://doi.
org/10.3390/electronics14071345.

ICI Bucharest © Copyright 2012-2025. All rights reserved



©0RIe)

This is an open access article distributed under the terms and conditions of the
Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International License.


https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/



