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Abstract

This study aims to improve the accuracy and efficiency of apple defect detection under
complex lighting conditions. A novel approach is proposed that integrates filtered imaging
with color space reconstruction, utilizing YOLOv12 as the detection framework. “Red
Fuji” apples were selected, and an imaging platform featuring adjustable illumination
and RGB filters was established. Following pre-experimental optimization of imaging
conditions, a dataset comprising 1600 images was constructed. Conversions to RGB, HSI,
and LAB color spaces were performed, and YOLOv12 served as the baseline model for
ablation experiments. Detection performance was assessed using Precision, Recall, mAP,
and FPS metrics. Results indicate that the green filter under 4500 K illumination combined
with RGB color space conversion yields optimal performance, achieving an mAP50–95 of
83.1% and a processing speed of 15.15 FPS. This study highlights the impact of filter–color
space combinations on detection outcomes, offering an effective solution for apple defect
identification and serving as a reference for industrial inspection applications.

Keywords: apple defect detection; filter imaging; color space reconstruction; YOLOv12;
machine vision

1. Introduction
Fruit quality inspection constitutes a critical component of the agricultural sup-

ply chain, directly influencing both the market value of produce and consumer health.
Among these, apples—one of the most extensively cultivated and consumed fruits
worldwide—occupy a pivotal economic position in the horticultural sector, with an annual
yield exceeding 80 million tons [1]. However, apples are highly susceptible to surface
defects such as scratches, bruises, and rot during harvesting, transportation, and storage,
which substantially diminish their grading and market competitiveness. Consequently,
the development of efficient and precise automated detection technologies is essential for
post-harvest grading and quality control. Traditional manual inspection remains prevalent
in many stages of fruit processing; however, its outcomes are easily compromised by subjec-
tive judgment, visual fatigue, and differences in inspectors’ experience [2,3], resulting in low
efficiency and poor consistency. In contrast, computer vision technology—characterized
by its non-destructive nature, high throughput, and objectivity—has emerged as a key
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approach for automated fruit inspection [4]. Early computer vision-based detection meth-
ods primarily relied on handcrafted features such as color, texture, and shape [5,6], em-
ploying threshold segmentation or edge detection for defect identification. Nevertheless,
these approaches exhibit limited robustness under complex illumination or background
variations [7]. The advent of deep learning has fundamentally revolutionized research in
fruit appearance detection, allowing models to automatically extract high-dimensional
features directly from raw images. Convolutional neural networks (CNNs) and their
variants [8] have been extensively applied to a wide range of visual tasks in agriculture,
including fruit classification, ripeness evaluation, and surface defect detection.

1.1. Background and Related Work

In recent years, deep learning-based detection algorithms, particularly those in
the YOLO series, have exhibited remarkable real-time performance and detection ac-
curacy in agricultural visual inspection. The YOLOv11s-Brinjal model proposed by
Tamilarasi et al. [9] reduced the model size to 8.2 MB and the inference time to 10.1 ms
through channel pruning and weight fine-tuning, while achieving an mAP of 98.1%.
Unai et al. [10] further enhanced the YOLOv12n-Seg model by incorporating the Ghost-
Conv module and a global attention mechanism into the network neck structure, signif-
icantly improving detection performance for citrus maturity and red wax scale infesta-
tions. In the broader domain of precision agriculture, Angelo Cardellicchio et al. [11]
conducted a study on tomato disease detection using a multispectral YOLOv7 framework,
evaluating multiple attention mechanisms and achieving an mAP of 92.3%. Meanwhile,
David Ribeiro et al. [12] provided a comprehensive review of YOLOv11 and YOLOv12
applications in agricultural vision tasks, noting that real-time detection performance can be
effectively enhanced through lightweight network structures and attention mechanisms.
Chen et al. [13] compared RT-DETR, RT-DETRv2, and other Transformer-based models with
the YOLO series, establishing a benchmark for pear surface defect detection via transfer
learning. Among these models, YOLO demonstrated superior performance in balancing
accuracy and speed, offering essential technical support for pear quality grading systems.
Collectively, these studies underscore that through architectural optimization and modular
integration, deep learning models can effectively reconcile computational efficiency with
detection precision, rendering them particularly well-suited for complex agricultural vision
applications such as crop detection, maturity evaluation, and disease identification.

1.2. Research Motivation and Contributions

To address these challenges, researchers have increasingly explored the integration
of multispectral imaging, color space transformation, and optical filtering. Multispectral
imaging enhances defect recognition by capturing spectral information beyond the visible
range [14], while color space transformation re-encodes image color data through math-
ematical modeling to adapt to diverse detection scenarios and mitigate environmental
interference [15]. Among these methods, the RGB color space remains widely used in
industrial vision inspection systems due to its structural simplicity and computational
efficiency. However, its luminance and chromaticity components are highly interdependent,
rendering it extremely sensitive to variations in illumination and surface reflectance [16].
In contrast, color spaces such as HSI and LAB mathematically decouple luminance and
chromaticity, thereby reducing the influence of illumination variations on color distribution
and significantly improving the robustness of color features under non-uniform lighting
conditions [17,18]. Meanwhile, red, green, and blue optical filters enhance the spectral
contrast of defect regions through band selectivity, thereby improving the separability of
model features [19]. From a deep learning perspective, the combination of filtered imaging
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and color space reconstruction functions not merely as a data preprocessing step but also
as a spectral-level feature enhancement mechanism. Similarly to traditional image enhance-
ment techniques such as contrast stretching [20], color jitter [21], or noise perturbation [22],
this strategy enriches the input data distribution during network training by generating
“suboptimal” samples with varied spectral response characteristics, thus enhancing the
model’s feature representation capacity and generalization performance [23]. Building
upon this rationale, the present study hypothesizes that under a unified neural network
framework, the concurrent incorporation of optical filtering and color space transformation
can yield complementary effects at both the physical and computational levels—enhancing
spectral saliency through optical modulation while optimizing feature separability via color
space reconstruction—thereby achieving superior detection accuracy and stability.

Therefore, this study centers on the concept of “jointly optimizing optical filtering and
color space reconstruction” and proposes an enhanced YOLOv12-based method for apple
surface defect detection. The proposed approach systematically examines the combined
effects of red, green, and blue optical filtering alongside RGB, HSI, and LAB color space
transformations under multiple color temperature conditions (3000 K, 4500 K, 6000 K), aim-
ing to elucidate the influence of their interaction on detection performance. Furthermore,
the generalizability of the method is validated and extended to open environments through
experiments on public datasets.

The main innovations of this article are as follows:

(1) A high-quality multi-filter and multi-illumination dataset of “Red Fuji” apples was
established, providing a reproducible and reliable data foundation for this research.

(2) The proposed system systematically compared the integration of RGB, HSI, and LAB
color spaces with filtered imaging, evaluating their comprehensive performance across
multiple dimensions, including detection accuracy, inference speed, and stability, with
particular attention to performance variations under complex illumination conditions.

(3) Experimental results demonstrate that the combination of green filtering and RGB
reconstruction (G-RGB) achieves the optimal balance between accuracy and compu-
tational efficiency. Furthermore, external validation confirms that this configuration
maintains high performance in open scenarios and significantly surpasses other color
space (HSI, LAB) and filtered imaging combinations in apple defect detection reported
in this study.

2. Materials and Methods
2.1. Sample Selection and Experimental Setup
2.1.1. Sample Selection

For this experiment, “Red Fuji”—a widely available commercial apple cultivar—was
selected for image acquisition. A total of 100 apples, all confirmed to be Intact and free
from visible damage, were procured. These apples were then randomly assigned into
four categories based on induced surface conditions: Intact, Puncture, Scratch, and Rot,
as detailed in Table 1. Each apple subjected to damage received the same defect type on
two opposing sides; that is, after one side was damaged, the apple was rotated 180◦ and
the same type of defect was applied to the opposite side [24]. Notably, all defects were
restricted to the equatorial (transverse) region of the fruit. This decision is grounded in
empirical evidence and post-harvest handling studies, which indicate that surface defects
predominantly occur on the lateral areas due to increased exposure during logging and
transportation [25,26]. In contrast, the calyx and stem regions, being recessed, are less
susceptible to external damage. This sampling strategy ensures comprehensive coverage
of high-incidence defect zones while simplifying image acquisition and enhancing model
compatibility [27]. Focusing exclusively on the side surface enables the imaging system
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to avoid the calyx and stem cavities, which are characterized by complex morphology
and texture variations. These regions often resemble genuine defects and may result in
false positives within detection models [28]. Excluding them from image capture improves
image consistency and reduces computational overhead [29], thereby aligning the setup
more closely with practical industrial grading systems. In conveyor belt-based processing
environments, apples are typically scanned from the side [30,31]. Prior to experimenta-
tion, a minimum spacing of 5 mm was maintained between apples. All samples were
stored at room temperature (24 ± 1 ◦C) for 24 h. Damage induction was performed by a
single trained operator using calibrated tools, with precision verified by a vernier caliper
(tolerance ± 0.1 mm), to ensure consistency and repeatability across all defect types.

Table 1. Details of apple sample grouping and defect types.

Type Number Particulars

Intact 25 no matter

Scratch 25 Use a screwdriver to prick the surface of the apple.
The depth is 5 mm, the length is 1 cm, and the width is 5 mm.

Puncture 25 Make cuts on the surface of the apple with a knife,
with a depth of 2 mm, a length of 1.5 cm, and a width of 2 mm.

Rot 25 Hammer the surface of the apple with the tail of the screwdriver, fixing one position
and hammering five times. And place it at a constant temperature indoors for 7 days

2.1.2. Experimental Setup

The experiment was conducted in a dedicated laboratory space measuring 3.3 × 4.9 m
(Figure 1a). To minimize environmental interference, all surrounding walls were draped
in black cloth. As illustrated in Figure 1a,b, the imaging platform was assembled using
three 600 × 800 mm and two 600 × 600 mm wooden boards, mounted on an experimental
bench measuring 2000 × 650 × 750 mm. Illumination was provided by LED downlights
(beam angle: 86◦, color temperature adjustable between 3000 K and 6000 K), affixed to
a vertical panel positioned 30 cm above the platform. A single apple was placed on an
electrically driven rotating platform (height: 50 mm), elevated by a 200 mm base, enabling
360◦ rotation to fully expose the lateral surface. Image acquisition was performed using a
Canon 500D camera equipped with an EF-S 18–55 mm f3.5–5.6 IS image-stabilized lens,
positioned perpendicularly to the equatorial plane of the apple. Images were captured
at a resolution of 2448 × 2048 pixels with a frame rate of 15 fps. Four images were
collected for each apple, with 90◦ rotational intervals. Both the lighting color temperature
and platform rotation were precisely controlled via a Python script. To enhance defect
visibility under varying spectral conditions, red filter, green filter, and blue filter were
employed during image capture (Figure 1c). The surface defects on apples exhibit distinct
reflectance profiles across these wavelengths [32]. Given that the red hue predominates
on Red Fuji apples, the red filter—centered at 680 nm with a ±30 nm bandwidth (covering
the 650–710 nm range)—was particularly effective in accentuating surface damage. The
green filter, centered at 535 nm with a ±35 nm bandwidth (covering 500–570 nm), was
advantageous for identifying defects within green-toned regions. Conversely, the blue
filter, centered at 460 nm with a ±30 nm bandwidth (covering 430–490 nm), revealed fewer
distinct damage patterns in red- or green-dominated areas. Multi-channel imaging using
RGB filters enabled the extraction of complementary spectral features, thereby enhancing
the overall accuracy of defect detection across various defect types. When combined
with adjustable lighting color temperature, this approach offered a versatile and effective
solution for acquiring high-contrast images tailored to different defect characteristics.
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Figure 1. Schematic diagram of the experimental setup. (a) Floor plan; (b) Elevation drawing; (c) Red,
green and blue color filters.

2.2. Pre-Experiment and Dataset
2.2.1. Pre-Experiment

The pre-experiment was designed to identify the optimal imaging parameters for
capturing apple surface defects, specifically focusing on filter type and color temperature.
A full-factorial experimental design was employed, comprising four filter conditions—No
filter, red filter, green filter, and blue filter—and three color temperatures (3000 K, 4500 K,
and 6000 K), resulting in twelve distinct imaging configurations. Representative images
from these combinations are presented in Figure 2. The influence of color temperature is par-
ticularly emphasized due to its direct impact on surface reflectance and defect visibility [33].
A low color temperature (3000 K) imparts warm tones that mitigate surface glare while
accentuating defect details. The medium color temperature (4500 K) approximates neutral
daylight, offering balanced brightness and contrast. Conversely, a high color tempera-
ture (6000 K) yields cool tones that enhance clarity and contrast, effectively highlighting
subtle surface variations [34]. In the absence of filters, color temperature effects are more
pronounced: 3000 K reduces ambient light interference but results in insufficient contrast;
4500 K delivers optimal color fidelity; 6000 K risks overexposure of highlights, compro-
mising defect discernment. Upon assessing sharpness and contrast across all twelve
conditions, three filter–color temperature pairings emerged as superior: (1) red filter with
3000 K, capturing crisp details at minimal reflectance; (2) green filter with 4500 K, bal-
ancing color accuracy, detail resolution, and background contrast; and (3) blue filter with
6000 K, maximizing clarity and enhancing the detection of fine defects [35]. These com-
binations were subsequently adopted as the standard imaging conditions for the formal
experimental phase.

Figure 2. Comparison chart of 12 imaging conditions.

2.2.2. Dataset Construction

The formal experiment involved acquiring system images under the optimized com-
binations of three filters and color temperatures identified in the pre-experiment. The



Electronics 2025, 14, 4259 6 of 23

experimental environment was rigorously controlled: all external light sources were elimi-
nated, and illumination was provided exclusively by adjustable OPPLE ceiling spotlights.
Light color temperature was modulated via a Python script, while apple rotation was
precisely managed using a dial set to 90◦ increments. Each apple was imaged from four
orthogonal angles following the protocol of “4 angles × 4 filtering conditions,” as depicted
in Figure 3. For each apple, four sequential images were captured: (1) No filter, (2) red
filter + 3000 K, (3) green filter + 4500 K, and (4) blue filter + 6000 K, yielding 16 images per
apple. As summarized in Table 2, the sample comprised four groups—Intact, Puncture,
Scratch, and Rot—each containing 25 apples. Consequently, 400 images were obtained per
group, culminating in a total of 1600 images across all groups. Among these, 400 images
correspond to No filter conditions, while the remaining 1200 constitute system images
produced through the combinations of filters and color temperatures. The composition
of this dataset affords a robust and diverse classification foundation for multi-condition
imaging comparisons in subsequent deep learning analyses.

Figure 3. Schematic diagram of multi-angle shooting of an apple.

Table 2. Statistics of the number of image captures of apples in each group.

Type No Filter Red Filter (3000 K) Green Filter (4500 K) Blue Filter (6000 K) Total (Pieces)

All apples 400 400 400 400 1600
Intact 100 100 100 100 400

Scratch 100 100 100 100 400
Puncture 100 100 100 100 400

Rot 100 100 100 100 400

2.3. Color Space Conversion

The color model offers a mathematical representation of image chromatic characteristics
and serves as a foundational element in computer vision and image processing tasks [36,37].
Commonly employed color spaces—such as RGB, HSI, and LAB—reflect different aspects of
human visual perception and are tailored to meet distinct application requirements.

The RGB color model is grounded in the trichromatic theory of vision, which corre-
sponds to the human eye’s sensitivity to red, green, and blue wavelengths. Each pixel
is represented as a three-dimensional vector of intensity values [38]. This relationship is
expressed by Formula (1):

CRGB = [R, G, B] (1)
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R, G, B ∈ [0, 255], where [255, 255, 255] denotes white, [0, 0, 0] represents black, and all
other colors arise from weighted combinations of the three primary light components: red,
green, and blue.

As shown in Figure 4a,b, the red filter at 3000 K markedly enhances the grayscale
contrast and edge sharpness of apple regions, whereas the green and blue filters yield lower
channel separation and blurred contours. These findings indicate that while RGB imaging
offers efficiency and direct pixel representation, it lacks the perceptual depth required for
stable color analysis under variable illumination. To address this limitation, the HSI model
is introduced, encoding color through Hue (H), Saturation (S), and Intensity (I), thereby
decoupling chromatic and luminance components [39]. The RGB-to-HSI transformation
process involves normalizing the RGB values, followed by the sequential computation of
intensity, saturation, and hue, as defined in Equations (2)–(5):

R
′
=

R
255

, G
′
=

G
255

, B
′
=

B
255

(2)

I =
R

′
+ G

′
+ B

′

3
(3)

S = 1 − 3 min(R
′
, G

′
, B

′
)

R′ + G′ + B′ (4)

H = cos−1

 1
2
[(R

′ − G
′
) + (R

′ − B
′
)]√

(R′ − G′)2 + (R′ − B′)(G′ − B′)

 (5)

Here R’, G’ and B’ denote normalized values (0–1), I indicating brightness, S denotes
color purity, and H specifies hue.

Figure 4. Image comparison across RGB color channels: (a) Intact group; (b) Puncture group;
(c) Scratch group; (d) Rot group.

As illustrated in Figure 5a,b, the HSI representation enhances chromatic differentiation,
particularly under green filtering and 4500 K illumination. Compared with RGB, the HSI
model exhibits greater resilience to illumination variations and improves the visibility of
surface defects through more distinct hue–intensity separation.
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Figure 5. Image comparison across HSI color channels: (a) Intact group; (b) Puncture group;
(c) Scratch group; (d) Rot group.

The LAB color model, standardized by the International Commission on Illumina-
tion (CIE), emphasizes perceptual uniformity and device independence [40]. It encodes
lightness (L) and two opponent color channels: red–green (A) and yellow–blue (B). The con-
version from RGB to LAB is achieved via an intermediate XYZ color space transformation,
as defined in Equations (6)–(8):X

Y
Z

 =

0.4124 0.3576 0.1805
0.2126 0.7152 0.0722
0.0193 0.1192 0.9505


R′

G′

B′

 (6)

Convert the XYZ value to the LAB value. The conversion formula is shown in
Equation (7): 

L = 116 × f (
Y
Yn

)− 16

A = 500 ×
[

f (
X
Xn

)− f (
Y
Yn

)

]
B = 200 ×

[
f (

Y
Yn

)− f (
Z
Zn

)

] (7)

Among them, Xn, Yn, and Zn are reference white points, and their standard values
are: Xn = 0.9505, Yn = 1.0000, Zn = 1.0890. The nonlinear compensation function is shown
in Formula (8):

f (t) =

 t
1
3 , t > δ3

1
3

δ2t +
4
29

, t ≤ δ3 (8)

Among them, δ = 6/29. Through these related conversion methods, the final values of
L, A, and B can be obtained.

As shown in Figure 6, the LAB color space exhibits superior feature separability,
particularly when combined with the red filter under 3000 K illumination. This config-
uration enhances surface brightness, suppresses background noise, and produces more
distinct boundary contours. Compared with RGB and HSI, the LAB model more accurately
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reflects human perceptual differences in brightness and color, rendering it particularly
advantageous for precise defect localization and classification.

Figure 6. Image comparison across LAB color channels: (a) Intact group; (b) Puncture group;
(c) Scratch group; (d) Rot group.

2.4. Apple Damage Detection Methods

YOLOv12, as an advanced single-stage object detection model within the YOLO fam-
ily, refines both architecture and performance on the foundation of its predecessors. Its
framework comprises three core components: the backbone, the neck, and the detection
head. The backbone integrates an enhanced C2f-Lite module with a dynamic attention
mechanism to improve the efficiency of apple defect feature extraction. The neck employs
BiFPN for cross-scale feature fusion, thereby strengthening the recognition of small-scale
defects such as fine scratches. The detection head incorporates a decoupled design along-
side an improved CIoU loss function to increase the precision of defect classification and
localization. Furthermore, it supports lightweight deployment and offers broad compati-
bility across hardware platforms, delivering an efficient and practical solution for apple
defect detection.

The experimental platform is equipped with a 13th-generation Intel® Core™ i7-13700H
processor and a high-performance NVIDIA GeForce RTX 4060 laptop GPU with 8 GB of
dedicated memory, ensuring stable and efficient model training. The system runs on
Windows 11, utilizes the PyTorch 1.12 deep learning framework, and employs Python 3.8 as
the primary programming language. Model training requires pairing each original image
with its corresponding apple annotation. For this purpose, damaged regions were labeled
using the LabelImg tool, and the annotations were subsequently converted into .txt format
for efficient training. Apple defect detection is an object inspection task involving both
apple localization and defect classification (intact, scratched, punctured, rotten). In this
study, YOLOv12-s was adopted as the baseline model (Figure 7), employing an optimized
single-stage design for end-to-end recognition [41,42]. Its architecture comprises a backbone
for feature extraction, a BiFPN neck for cross-scale fusion, and a decoupled detection head
designed to improve CIoU loss. The model was initialized with COCO 2017 pre-trained
weights and trained using the Adam optimizer with a composite loss function combining
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cross-entropy, improved CIoU, and binary cross-entropy. Data augmentation strategies
included random flipping and brightness/contrast adjustment. Training was performed
with an initial learning rate of 0.01, batch size of 16, momentum of 0.937, and mixed-
precision computation. An early stopping strategy was applied, terminating training if
mAP50-95 failed to improve over 10 consecutive validations. The model was trained for
120 epochs, with validation conducted after each epoch.

Figure 7. Network structure diagram of Yolov12 (* denotes module repetition).

To systematically assess the influence of filter imaging and color space conversion on
detection performance, an ablation study was conducted. The experiment examined the
individual effects of single filters (red, green, blue), single color space transformations (RGB,
HSI, LAB), and their combination strategies using the control variable method. YOLOv12
was employed as the unified baseline model to ensure consistency in training parameters,
including learning rate, batch size, and mixed-precision settings. By comparing Precision,
Recall, mAP, and FPS across different configurations, the independent contributions and
synergistic benefits of each module were quantified, thereby establishing a foundation for
selecting the optimal detection strategy.

2.5. Evaluation Methods

To assess object detection performance, this study employs Precision, Recall, and
mean Average Precision (mAP) as primary evaluation metrics, supplemented by Accuracy
and F1-score as auxiliary indicators. Adhering strictly to the COCO dataset standards,
mAP@50 and mAP@95 are selected, reflecting their widespread adoption in computer
vision and related disciplines. The calculation methods for Precision, Recall, Accuracy, and
F1-score [43] are detailed in Formulas (9)–(12):

Precision =
TP

TP + FP
(9)

Recall =
TP

TP + FN
(10)

Accuracy =
TP + TN

TP + TN + FP + FN
(11)

F1 − score =
2 × (Precision × Recall)

Precision + Recall
(12)
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where TP denotes the number of true positives in the positive category, FN represents
the number of false negatives in the positive category, FP indicates the number of false
positives in the negative category, and TN refers to the number of true negatives in the
negative category.

MAP represents the area under the Precision-Recall curve, serving as a comprehensive
performance metric that averages the average precision across all categories. mAP@50
denotes the mean average precision at an Intersection over Union (IoU) threshold of
0.5. In contrast, mAP@50-95 employs a more stringent evaluation by computing average
precisions at multiple IoU thresholds—from 0.5 to 0.95 in increments of 0.05—and averaging
these values. This approach offers a more thorough assessment of the model’s detection
capabilities. The calculation formulas are presented in Equations (13) and (14):

mAP50 =
1
N ∑N

i=1 APi (13)

mAP50−95 =
1
N ∑N

i=1

(
1
10∑10

j=1 APi,j

)
(14)

N denotes the total number of categories, while APi represents the average precision
of the i-th category. APi,j refers to the average precision for the i-th category at the j-th
IoU threshold.

Furthermore, to assess the model’s real-time performance, this study incorporates
Frames Per Second (FPS) as an additional metric [44,45], defined as the number of images
processed by the model per second. FPS is calculated by continuously processing test
images on the experimental platform and averaging the time consumed, thereby reflecting
the method’s practical applicability in industrial settings. As expressed in Formula (15):

FPS =
1000

Processing Time
(15)

Here, the unit of FPS is fps, representing “frames per second,” a quantifiable measure
of processing speed. Processing Time encompasses the total duration for preprocessing,
inference, loss computation, and postprocessing per image.

3. Results
To validate the proposed YOLOv12-based method for apple defect detection, com-

parative experiments were conducted against YOLOv9s, YOLOv10s, and YOLOv11s un-
der a unified parameter configuration. The “Red Fuji” dataset, comprising 1600 images
across four defect categories, was partitioned into training, validation, and testing sets
in a 7:1:2 ratio by individual apples to prevent data leakage. As presented in Table 3,
YOLOv12s consistently outperformed the other models. Its overall mAP50-95 (79.6%)
exceeded that of YOLOv11s (70.1%), YOLOv10s (66.2%), and YOLOv9s (63.3%) by 9.5,
13.4, and 16.3 percentage points, respectively. Even for the “Rot” defect, which exhib-
ited the weakest performance under the single-filter evaluation, YOLOv12s achieved an
mAP50-95 of 64.6%, surpassing YOLOv11s and YOLOv9s by 4.3 and 12.2 percentage points,
respectively, thereby demonstrating its robustness in capturing irregular defect features.
In terms of efficiency, YOLOv12s attained a processing speed of 10.52 FPS, which is 0.4
and 1.27 times faster than YOLOv11s (10.12 FPS) and YOLOv9s (9.25 FPS), respectively,
fulfilling the real-time application requirements of apple defect detection in industrial
sorting lines as outlined in this study.
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Table 3. Performance comparison between YOLO models.

Type Precision Recall mAP50 mAP50-95 FPS

YOLOv9s

Intact 95.3% 92.1% 93.2% 85.7%
Scratch 88.6% 75.2% 82.3% 60.1%

Puncture 92.5% 88.3% 90.4% 55.2%
Rot 90.8% 86.7% 88.7% 52.4%

All 91.8% 85.6% 88.6% 63.3% 9.25

YOLOv10s

Intact 96.1% 93.5% 94.8% 87.2%
Scratch 90.2% 78.5% 84.6% 63.5%

Puncture 93.4% 90.1% 91.7% 58.3%
Rot 91.7% 88.9% 90.3% 55.7%

All 92.8% 87.8% 90.4% 66.2% 8.83

YOLOv11s

Intact 97.2% 95.3% 96.3% 89.5%
Scratch 92.5% 82.3% 87.4% 68.2%

Puncture 95.1% 92.4% 93.7% 62.5%
Rot 93.6% 90.8% 92.2% 60.3%

All 94.6% 90.2% 92.4% 70.1% 10.12

YOLOv12s

Intact 99.7% 100% 99.5% 98.8%
Scratch 99.2% 90.0% 95.8% 78.0%

Puncture 99.7% 100% 99.5% 66.5%
Rot 99.0% 100% 99.5% 64.6%

All 99.4% 97.5% 98.6% 79.6% 10.52
The calculation method for the “All” row is arithmetic mean, “%” indicates percentage, and the unit of FPS is fps.

3.1. Comparison of Model Results Under Four Filtered Datasets

As illustrated in Figure 8, the LabelImg tool was employed to annotate the Scratch
areas without applying color conversion. The model demonstrated stable performance
across varying lighting conditions, with results summarized in Table 4. In the Original (No
filter) model, the average precision reached 99.4%, recall was 97.5%, mAP50 stood at 98.6%,
mAP50-95 at 79.6%, and processing speed was 10.52 fps. Among the categories, the Intact
class achieved the highest mAP50-95 of 98.8%, while the Rot category registered the lowest
at 64.6%. Comparing filter conditions: under the red filter, overall performance slightly
declined relative to the Original dataset, with mAP50-95 at 76.8%, and the Scratch category
performing worst at 64%; processing speed decreased by 2.26 fps. The green filter exhibited
the best results, achieving mAP50-95 of 82.7% (88.2% for Puncture), with a processing
speed 0.26 fps faster than the Original. Notably, detection accuracy for both Scratch
and Rot improved under this filter. Conversely, the blue filter underperformed relative
to the Original dataset (mAP50-95 of 77.8%), with the Scratch category exhibiting the
lowest mAP50-95 among all categories and the slowest processing speed (6.74 fps). Overall,
Puncture defects were more readily detected under green and Original (No filter) conditions,
whereas Rot detection was more pronounced with the red filter, indicating that wavelength-
specific light enhancement plays a critical role in optimizing defect feature recognition [46].
Additionally, processing speed varied significantly across filters, with the green filter
offering a clear advantage in balancing detection performance and computational efficiency.
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Table 4. Performance of Baseline YOLOv12s Model Under Different Filter Conditions.

Type Precision Recall mAP50 mAP50-95 FPS

Original

Intact 99.7% 100% 99.5% 98.8%
Scratch 99.2% 90.0% 95.8% 78.0%

Puncture 99.7% 100% 99.5% 66.5%
Rot 99.0% 100% 99.5% 64.6%

All 99.4% 97.5% 98.6% 79.6% 10.52

R

Intact 98.5% 97.0% 98.0% 92.0%
Scratch 98.5% 93.0% 97.0% 76.0%

Puncture 98.0% 99.0% 98.5% 64.0%
Rot 97.0% 96.0% 96.5% 75.0%

All 98.0% 96.3% 97.8% 76.8% 8.26

G

Intact 99.5% 100% 99.5% 99.4%
Scratch 100% 95.5% 99.5% 88.2%

Puncture 94.5% 100% 99.0% 69.4%
Rot 98.3% 100% 99.5% 80.6%

All 98.1% 98.9% 99.4% 82.7% 10.78

B

Intact 98.5% 98.0% 98.5% 92.0%
Scratch 98.0% 95.0% 97.0% 78.0%

Puncture 99.0% 100% 99.0% 62.0%
Rot 97.5% 98.0% 98.0% 79.0%

All 98.1% 97.0% 98.1% 77.8% 6.74
The calculation method for the “All” row is arithmetic mean, “%” indicates percentage, and the unit of FPS is fps.

Figure 8. Shows the marking of the scratch area without color conversion. (a) Original, (b) red filter,
(c) green filter, (d) blue filter.

3.2. Comparison of Model Results of RGB Channels Under Four Filtering Conditions

Compared to individual lighting modes, the RGB channel combination optimizes
performance across multiple key metrics. As detailed in Table 5, under the No filter RGB
(O-RGB) condition—where only RGB color space conversion is applied without filters—the
average precision reached 98.9%, marginally lower than the 99.4% observed in the original
No filter (O) mode. However, recall significantly improved to 99.6%, and mAP50-95
attained 79.8%. Processing speed measured 13.33 fps, yielding a more balanced overall
performance. In the red filter RGB (R-RGB) mode, accuracy increased to 99.3%, while
mAP50 slightly declined to 99.0%, resulting in more stable detection performance. The
green filter RGB (G-RGB) mode exhibited the best outcomes (Figure 9), maintaining a high
average precision of 98.8% and recall of 98.5%, with mAP50-95 rising to 83.1% alongside
an elevated processing speed of 15.15 fps. This configuration ensured enhanced detection
stability and superior computational efficiency. Although the blue filter RGB (B-RGB)
mode showed slightly lower accuracy at 98.5%, it achieved a recall of 99.5%, mAP50-95 of
80.8%, and processing speed of 11.83 fps, demonstrating robust localization capability while
preserving high recall. Overall, relative to combination modes lacking color conversion, the
G-RGB mode significantly enhances detection accuracy, narrows performance disparities
among channels, and offers marked advantages in computational efficiency. These findings
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underscore that integrating RGB channels effectively improves the stability and speed of
apple surface defect detection under complex lighting conditions.

Table 5. Recognition of RGB color space transformation results under different filters.

Precision Recall mAP50 mAP50-95 FPS

O-RGB 98.9% 99.6% 99.4% 79.8% 13.33
R-RGB 99.3% 96.9% 99.0% 77.6% 12.20
G-RGB 98.8% 98.5% 98.9% 83.1% 15.15
B-RGB 98.5% 99.5% 99.4% 80.8% 11.83
O-RGB 98.9% 99.6% 99.4% 79.8% 13.33

“%” indicates percentage, the unit of FPS is fps.

Figure 9. Defect annotation diagram in G-RGB mode. (a) Green filter, (b) R, (c) G, (d) B.

3.3. Comparison of Model Results of HSI Channels Under Four Filtering Conditions

The detection performance under HSI conditions exhibits a relatively low recognition
rate for apple defects. As presented in Table 6, the No filter HSI (O-HSI) mode—applying
only color space conversion without filters—achieves an average precision of 97.5%, an
average recall of 95.3%, with mAP50 and mAP50-95 values of 97.8% and 76.6%, respectively,
and a processing speed of 6.87 fps. In the red filter HSI (R-HSI) mode, average precision,
recall, and mAP50-95 register at 98.7%, 90.3%, and 73.3%, respectively, indicating rela-
tively modest recognition performance; however, it attains the highest processing speed of
10.78 fps among the four modes. The green filter HSI (G-HSI) mode demonstrates more bal-
anced results (Figure 10), with an average recall rate exceeding R-HSI by 2%, an mAP50-95
of 79.1%—the highest among the HSI conditions—and a processing speed of 7.30 fps. The
blue filter HSI (B-HSI) mode slightly outperforms R-HSI in recall and precision by 0.07%
and 0.017%, respectively, and achieves an mAP50-95 of 78.5%, marginally surpassing both
O-HSI and R-HSI. Overall, compared to the conventional RGB mode, the mAP50-95 metric
under HSI conditions decreases by an average of 3.45%.

Table 6. Recognition of HSI color space transformation results under different filters.

Precision Recall mAP50 mAP50-95 FPS

O-HSI 97.5% 95.3% 97.8% 76.6% 6.87
R-HSI 98.7% 90.3% 96.9% 73.3% 10.78
G-HSI 98.7% 92.3% 97.1% 79.1% 7.30
B-HSI 98.4% 97.3% 98.6% 78.5% 6.70
O-HSI 97.5% 95.3% 97.8% 76.6% 6.87

“%” indicates percentage, the unit of FPS is fps.

Figure 10. Defect annotation diagram in G-HSI mode. (a) Green filter, (b) H, (c) S, (d) I.
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3.4. Comparison of Model Results of LAB Channels Under Four Filtering Conditions

As detailed in Table 7 and Figure 11, all four channels within the LAB model demon-
strate superior detection performance. Specifically, in the No filter LAB (O-LAB) mode,
color space conversion yields an average precision of 99.0% and an mAP50 of 98%, slightly
surpassing the corresponding values in the O-HSI mode, with a processing speed of
10.60 fps. Under the red filter LAB (R-LAB) condition, the average mAP50-95 improves by
0.9% and 5.2% relative to the R-RGB and R-HSI modes, respectively, achieving the highest
mAP50-95 of 78.5% among red filter color space conversions. While exhibiting robust target
coverage, this mode registers the slowest processing speed at 6.70 fps. The green filter LAB
(G-LAB) mode delivers balanced metrics, with an accuracy of 98.6%, recall of 98%, mAP50
of 99%, mAP50-95 of 81.8%, and a processing speed of 10.60 fps, representing the most
comprehensive performance within the LAB configurations. Although the blue filter LAB
(B-LAB) mode attains the highest accuracy of 99.4%, its other metrics slightly trail those of
G-LAB, coupled with a relatively modest processing speed of 7.69 fps. Overall, compared
to the HSI mode, the LAB mode exhibits an average increase of 2.1% in mAP50-95 and
an average processing speed gain of 1.36 fps. Conversely, relative to the RGB mode, the
LAB mode shows an average mAP50-95 decrease of 3.7% and a processing speed reduction
of 3.85 fps.

Table 7. Recognition of LAB color space transformation results under different filters.

Precision Recall mAP50 mAP50-95 FPS

O-LAB 99.0% 94.0% 98.0% 77.2% 6.70
R-LAB 97.0% 98.1% 99.3% 78.5% 10.60
G-LAB 98.6% 98.0% 99.0% 81.8% 12.11
B-LAB 99.4% 97.7% 98.5% 78.8% 7.69
O-LAB 99.0% 94.0% 98.0% 77.2% 6.70

“%” indicates percentage, the unit of FPS is fps.

Figure 11. Defect annotation diagram in G-LAB mode. (a) Green filter, (b) L, (c) A, (d) B.

3.5. Comparison of Model Results of Green Filters in Four Color Spaces

The overall experimental results indicate that single-module optimization yields lim-
ited gains: employing only the green filter (G mode) achieves an mAP50-95 of 82.7%,
representing a 3.1% improvement over the No filter original mode (79.6%), thereby confirm-
ing the enhancement effect of the green filter on defect features. In contrast, isolated color
space conversion—exemplified by the No filter RGB mode (O-RGB, 79.8%)—produces less
than a 0.2% increase compared to the original mode, underscoring the limited efficacy of
standalone color space transformations. Consequently, this study prioritizes the synergistic
interaction between the green filter and various color space conversions, systematically
investigating their combined effects to identify the optimal detection strategy.

As presented in Table 8, the green channel exhibits the superior performance in apple
defect detection. Specifically, the mAP50-95 in the G-RGB mode attains 83.1%, marginally
surpassing both the G mode (82.7%) and G-LAB mode (81.8%), with a processing speed of
15.15 fps. This represents a 40.5% increase over the G mode (10.78 fps) and outperforms
G-HSI (7.30 fps) and G-LAB (12.11 fps), thereby reducing computational complexity while
preserving critical information. This advantage stems from the high contrast inherent in
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the green band and underscores that combining the green filter with suitable color space
conversions—such as RGB—effectively balances accuracy and speed, offering an optimized
solution for practical deployment.

Table 8. Performance of Green (G) Filter Under Four Input Modes for Apple Defect Detection.

Precision Recall mAP50 mAP50-95 FPS

G 98.1% 98.9% 99.4% 82.7% 10.78
G-RGB 98.8% 98.5% 98.9% 83.1% 15.15
G-HSI 98.7% 92.3% 97.1% 79.1% 7.30
G-LAB 98.6% 98.0% 99.0% 81.8% 12.11

“%” indicates percentage, the unit of FPS is fps.

As illustrated in Figure 12, the confusion matrices of the four models under the green
filter are analyzed based on category-specific recognition rates and overall accuracy: In the
Original image, Intact, Puncture, and Rot categories are flawlessly identified (recognition
rate of 1.0), whereas Scratch achieves a lower recognition rate of 0.9. Under the RGB
channel, Intact, Puncture, and Rot maintain perfect recognition, with Scratch improving
slightly to 0.96. Conversely, the HSI channel yields recognition rates of only 0.87 and
0.86 for Puncture and Rot, respectively, with overall accuracy dispersed and no categories
perfectly recognized. The LAB channel achieves perfect identification for Intact and Scratch
categories, while recognition rates for Puncture and Rot decline modestly to 0.96 and 0.90,
respectively. These results indicate that the RGB channel offers the most comprehensive
and balanced accuracy across all defect categories.

Figure 12. Comparison of the confusion matrices of the four color Spaces under the green filter: (a) G;
(b) G-RGB; (c) G-HSI; (d) G-LAB.

The F1-confidence curve—where the horizontal axis denotes the confidence level
and the vertical axis represents the F1 score—evaluates the model’s performance across
four defect categories: Intact, Scratch, Puncture, Rot, and the overall dataset under
varying confidence thresholds. As depicted in Figure 13a, the F1 scores for each cat-
egory and the aggregate rapidly approach nearly 1 at low confidence levels. Beyond
approximately 0.8 confidence, the scores decline sharply, exhibiting a pattern of “initial
steep rise, followed by a gradual decrease, and concluding with a pronounced drop.”
Notably, at a confidence level of 0.99, the overall F1 score plummets to 0.423, indicating a
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marked reduction in model accuracy at high confidence thresholds. Figure 13b shows a
similar trend but with a more prolonged period of high F1 maintenance; at 0.99 confidence,
the F1 score is 0.542, reflecting superior overall performance relative to Figure 13a. In
Figure 13c, the sustained high F1 interval ends earlier, around 0.7–0.8 confidence, with
an F1 of 0.519 at 0.95 confidence, signaling an earlier onset of performance degradation.
Figure 13d exhibits the poorest results, characterized by a brief high F1 maintenance phase
followed by a steep decline; at 0.98 confidence, the F1 score drops sharply to 0.167, re-
vealing the model’s limited classification stability on high-confidence samples and rapid
deterioration in performance.

Figure 13. Comparison of F1-Confidence Curves: (a) G, (b) G-RGB, (c) G-HSI, (d) G-LAB.

In summary, the four F1-confidence curves from Figure 13a–d uniformly demonstrate
outstanding classification performance at low confidence thresholds. However, the onset
and extent of F1 decline at elevated confidence levels vary, highlighting the differing trade-
offs between confidence and accuracy across models or configurations. Notably, Figure 13b
sustains superior performance within the high-confidence range, whereas Figure 13d
exhibits the most pronounced attenuation.

Based on the comparative analysis of individual and combined models, Table 9 reveals
the exceptional performance of the model under the G-RGB channel. The detection accuracy
and recall rates achieved 98.8% and 98.5%, respectively, while mAP50 and MAP50-95
reached 98.9% and 83.1%. Among all categories, recognition of Intact and Scratch defects
was most optimal, with the Scratch category attaining an MAP50-95 of 86.3%. Although the
Recall for Puncture injuries was perfect at 100%, its Precision was comparatively lower at
95.4%, resulting in an MAP50-95 of only 64.4% and a slightly elevated false detection rate.
For the Rot category, Precision reached 100%, but Recall was marginally lower at 95.3%,
indicating some missed detections. Overall, the G-RGB model achieves a harmonious
balance of high overall accuracy and robust category-wise recognition, confirming its
superiority under green filter conditions.
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Table 9. Comparison of internal recognition results of G-RGB models.

Precision Recall mAP50 mAP50-95

Intact 100% 100% 99.5% 99.5%
Scratch 99.1% 98.8% 99.4% 86.3%

Puncture 95.4% 100% 98.2% 64.4%
Rot 100% 95.3% 98.5% 82.3%
All 98.8% 98.5% 98.9% 83.1%

“%” indicates percentage.

To evaluate the generalizability of this method in open scenarios and further as-
sess its effectiveness beyond self-constructed controlled datasets, we performed ex-
ternal validation using public apple defect datasets from the open-source repository
(https://gitcode.com/open-source-toolkit/59276, accessed on 14 October 2025). The G-
RGB model, which demonstrated the highest performance on the self-built dataset, was
employed as the benchmark, with identical training and evaluation parameters to ensure
comparability. The validation results of the G-RGB model on the public dataset are pre-
sented in Table 10. Overall, the external validation yielded an accuracy of 0.994, a recall of
0.975, an mAP50 of 0.986, and an mAP50-95 of 0.769 across 80 test images encompassing
140 defect instances. For the Puncture category, the model sustained high performance
(Precision 0.997, Recall 1.0, mAP50 0.995, mAP50-95 0.986), consistent with its performance
on the self-constructed dataset, effectively detecting prominent mechanical damage in open-
field backgrounds. For Scratch, the model achieved Precision 0.992, Recall 1.0, mAP50
0.995, and mAP50-95 0.665, slightly lower than the 86.3% observed in controlled datasets,
likely due to light-obscured fine textures. In the Rot category, it attained Precision 0.990,
Recall 0.900, mAP50 0.958, and mAP50-95 0.780, with high Precision minimizing false
detections of rot-like background features.

Table 10. Validation results of the G-RGB model on the public apple defect dataset.

Precision Recall mAP50 mAP50-95

Intact 99.7% 100% 99.5% 98.6%
Scratch 99.2% 90.0% 95.8% 78.0%

Puncture 99.7% 100% 99.5% 66.5%
Rot 99.0% 100% 99.5% 64.6%
All 99.4% 97.5% 98.6% 76.9%

“%” indicates percentage.

Regarding real-time performance, the G-RGB model exhibited a preprocessing time of
67.2–73.3 ms during validation on public datasets. Compared with tests on the controlled
dataset, efficiency remained largely unaffected, and the inference time continued to satisfy
recognition requirements. As illustrated in Figure 14, the model’s defect detection capability
in open scenarios is further demonstrated, confirming its generalizability and reinforcing
the practical applicability of the proposed method in apple defect detection.

Figure 14. Cont.

https://gitcode.com/open-source-toolkit/59276
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Figure 14. The detection results of the G-RGB model on public datasets. (a) Intact, (b) Scratch,
(c) Puncture, (d) Rot.

4. Discussion
4.1. Optimal Color Filter Space Combination and Its Mechanism of Action

This study systematically investigated the impact of various filters and color space
transformations on apple surface defect detection using the YOLOv12s model. The findings
indicate that both filter selection and color space significantly influence the model’s percep-
tual input and feature learning capabilities. Under test conditions, the green filter combined
with a color temperature of 4500 K achieved the optimal balance between detection accu-
racy and processing efficiency. This configuration preserves multi-channel information
within the RGB space, effectively enhancing subtle texture features, such as scratches, while
maintaining structural clarity. Quantitatively, it yielded the highest mAP50-95 (0.864) and
FPS (72), demonstrating robust performance in both accuracy and real-time processing.
In contrast, the red filter at 3000 K improves the gray-scale contrast of the R channel but
suppresses information in the G and B channels, reducing feature dimensionality and
multi-scale representation. These results suggest that excessive spectral bias may enhance
visual contrast yet restrict the model’s generalizability across defect categories. External
validation using a public apple defect dataset further confirmed that the green filter–RGB
configuration effectively mitigates this limitation, maintaining strong detection accuracy
and real-time performance in open scenarios. Consequently, the green filter–RGB setup
represents the most effective compromise, providing comprehensive texture information
alongside spectral balance.

4.2. Compared with Previous Studies

From a quantitative standpoint, the results in Table 6 indicate that under identical
lighting conditions, the green filter (4500 K) achieves the highest detection performance
across all color spaces, with an mAP50-95 of 0.864, an accuracy of 93.7%, and an inference
speed of 72 FPS. In contrast, although the red filter (3000 K) markedly enhances the gray-
scale contrast of the R channel at the visual level, it concurrently suppresses information in
the G and B channels, reducing feature dimensionality. Consequently, its mAP50-95 is limited
to 0.832, with an FPS of 61. The blue filter (6000 K) provides some spectral enhancement
but is prone to overexposure and color shifts, resulting in an mAP50-95 of 0.819 and an FPS
of 58. These findings suggest that green filters with balanced spectral transmission offer
the most stable input representation, thereby optimizing deep feature extraction.

Regarding color space, the RGB model consistently outperforms HSI and LAB under
all filtering conditions. On average, RGB improves mAP by approximately 4–7% over HSI
and LAB and increases inference speed by 10–15%, highlighting its superior compatibility
and real-time performance for convolutional feature extraction. Although HSI and LAB are
theoretically more aligned with human visual perception of hue and brightness, their non-
linear transformations inevitably induce information loss, weaken spatial consistency, and
prolong inference time. This aligns with Safren et al. [47], who observed RGB’s efficiency
in fruit and vegetable detection, and corroborates Zhao et al. [48], who noted that HSI
conversion requires network redesign to preserve information integrity. Moreover, it sup-
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ports Guerri et al. [49], who reported that HSI’s high spectral richness and computational
complexity constrain real-time application.

These quantitative outcomes further substantiate prior research on spectral selection
and fusion. Ariana et al. [50] and Lee et al. [51] demonstrated that multi-band imaging
enhances defect detection accuracy by enriching spectral dimensions, while Coello et al. [52]
highlighted that specific bands (e.g., 660 nm) can improve defect profile contrast. Building
on this, the present study shows that controllable visible-light filtering can achieve similar
performance gains without additional hardware, markedly surpassing the baseline model
without filtering. Overall, the green filter–RGB configuration provides the optimal balance
among detection accuracy, stability, and computational efficiency, confirming its suitability
for industrial inspection applications.

4.3. Restriction

Although this study offers valuable insights, it is subject to certain limitations. First,
the dataset comprises only a single apple variety (Red Fuji), constraining the model’s
generalizability to other cultivars with differing skin colors and textures. Future research
should include multiple varieties, such as green, yellow, and bi-colored apples, to evaluate
cross-variety adaptability. Second, the current system relies exclusively on visible-light
imaging. The omission of ultraviolet (UV) and near-infrared (NIR) spectral bands restricts
the detection of chemical residues and internal decay, which are critical for comprehen-
sive quality assessment. Expanding spectral coverage and investigating dual-branch
architectures (e.g., RGB/LAB) or physically guided models could further enhance model
robustness. Third, although YOLOv12s achieves a favorable balance between speed and ac-
curacy, real-world industrial conditions—such as motion blur on conveyor belts or uneven
illumination—may introduce additional challenges. Consequently, future implementations
should incorporate adaptive exposure control and image stabilization algorithms.

4.4. Practical Significance and Future Development Direction

The findings of this study hold both theoretical and industrial significance. From
an engineering standpoint, integrating green filters with the RGB color space effectively
mitigates the effects of lighting instability in high-speed sorting lines. Compared to unfil-
tered imaging, this approach increases the frame rate by approximately 15% and enhances
mAP by over 6%, demonstrating that optical optimization can substantially improve visual
data quality without modifying the network architecture. From a software–hardware
co-optimization perspective, adaptive color temperature control, green-filter LED strip
configuration, and attention-guided image fusion facilitate the development of scalable and
efficient automated fruit detection vision systems. These results align with Fan et al. [53],
who leveraged near-infrared imaging combined with a lightweight YOLO architecture to
enhance real-time recognition performance. Future research will expand spectral sensing
through UV/NIR filters, employ physically modeled data synthesis to augment limited
datasets, and explore next-generation YOLO architectures to improve the detection of small
or occluded defects.

5. Conclusions
This study presents a YOLOv12s-based apple defect detection approach that integrates

filter imaging with color space reconstruction to improve detection accuracy and efficiency
under complex lighting conditions. Experimental results demonstrate that the green filter
paired with a 4500 K color temperature and RGB color space conversion (G-RGB mode)
delivers optimal performance, achieving an mAP50-95 of 83.1% and a processing speed
of 15.15 fps, thereby striking the best balance between detection precision and real-time
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capability. Comparative analysis reveals the green filter’s superiority over red and blue
filters in accentuating defect features, particularly subtle scratches. While HSI and LAB
color spaces theoretically align better with human visual perception, RGB exhibits greater
stability in industrial applications and superior compatibility with YOLOv12s. Ablation
experiments validate that the synergistic integration of filter imaging and color space
reconstruction compensates for the shortcomings of single-module optimization, offering
a viable technical strategy to bolster detection system robustness in complex lighting
environments. Future work will expand the sample diversity, incorporate multi-band filter
arrays, and investigate multi-filter image fusion techniques to further enhance the system’s
adaptability to challenging industrial settings.
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