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Abstract

To address the limitation that existing Visual Simultaneous Localization and Mapping
(VSLAM) methods fail under complex and variable illumination conditions due to the
inability to extract sufficient feature points, this paper proposes a robust V SLAM locali-
zation method based on multi-level adaptive image enhancement. First, the method em-
ploys dynamic brightness compensation to preprocess the original image, initially im-
proving the global brightness distribution. Second, through RGB-to-HSV color space con-
version, the brightness V-channel is separated to eliminate the interference of color infor-
mation in the enhancement process. On this basis, to overcome the limitation of the exist-
ing CLAHE algorithm that relies on a fixed clipping threshold and cannot adapt to the
local brightness distribution and texture complexity of different image regions, we pro-
pose an improved adaptive-threshold CLAHE algorithm based on local statistical charac-
teristics, providing a stable image foundation for feature extraction. Meanwhile, to handle
the interference of moving objects in dynamic environments, we incorporate a YOLOv5
object detection thread into the ORB-SLAM3 framework to remove feature points on dy-
namic objects. This detection module works in synergy with the multi-level image en-
hancement module, further improving localization robustness in dynamic scenarios. Ex-
tensive experiments on the public EuRoC and TUM datasets demonstrate that our method
reduces the root mean square error of absolute trajectory error by 29.60% compared to
ORB-SLAMS3, with a reduction of up to 97.85% on high-dynamic sequences. Our method
achieves better localization accuracy and robustness under complex illumination condi-
tions, offering a new solution for visual localization in challenging illumination scenarios.

Keywords: VSLAM; complex lighting; image enhancement; adaptive CLAHE; dynamic
environments

1. Introduction

Visual Simultaneous Localization and Mapping (VSLAM) is a key technology ap-
plied in the fields of intelligent robotics, computer vision, and autonomous driving [1-4].
It mainly relies on visual sensors (e.g., various cameras) to acquire environmental infor-
mation. Common VSLAM methods include LSD-SLAM [5], DSO [6], ORB-SLAM [7], and
SVO [8]. Depending on the principle of odometry computation, the use of VSLAM tech-
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nology can be divided into the direct method and the feature-point method. In feature-
point method-based VSLAM systems, stable and sufficient feature point extraction is the
foundation for achieving accurate pose estimation and map construction. The number,
quality, and distribution of feature points directly affect the localization accuracy and ro-
bustness of the system. However, in real-world application scenarios, feature extraction
in VSLAM systems faces severe challenges.

Specifically, existing VSLAM methods face the following illumination-related issues
that require further improvement: under extremely low light conditions, the number of
feature points is insufficient to support stable pose estimation; under sudden illumination
changes, the exposure time cannot be adjusted in time, causing the image to become in-
stantly too dark or overexposed, leading to tracking failure; under non-uniform illumina-
tion, feature points tend to be concentrated in certain regions, resulting in incomplete con-
straints for pose estimation; under overexposure, pixel values in bright regions reach sat-
uration, causing a loss of texture details. Specifically, existing VSLAM methods face the
following illumination-related issues that require further improvement: under extremely
low light conditions, the number of feature points is insufficient to support stable pose
estimation; under sudden illumination changes, the exposure time cannot be adjusted in
time, causing the image to become instantly too dark or overexposed, leading to tracking
failure; under non-uniform illumination, feature points tend to be concentrated in certain
regions, resulting in incomplete constraints for pose estimation; under overexposure,
pixel values in bright regions reach saturation, causing a loss of texture details. In complex
and variable illumination environments, images captured by cameras are prone to issues
such as low contrast, texture deficiency, and excessively low brightness, all of which can
degrade the localization accuracy of VSLAM and adversely affect the subsequent map-
ping accuracy [9]. To address this problem, researchers have conducted extensive studies
from two directions: deep learning and image processing. In terms of deep learning-based
methods, research has primarily focused on improving feature extraction quality under
low-light conditions by employing learnable features or enhancement networks. Zhu [10]
was the first to introduce the R2D2 feature extraction network into RGB-D VSLAM, re-
placing traditional hand-crafted features, and achieved significant improvements in low-
texture scenarios; however, the inference latency of deep networks limits its real-time per-
formance. To address this issue, Jiang [11] and Liu [12] made improvements from different
perspectives. Jiang combined Retinex enhancement with deep feature optimization to de-
sign a system specifically targeting feature matching in low-light environments, while Liu
proposed LDFE-SLAM, which integrates three collaborative components to improve the
success rate of low-light tracking. Nevertheless, the former suffers from insufficient detail
preservation under extreme conditions, and the latter imposes high computational re-
source requirements due to the parallel operation of multiple networks. Zhao [13] further
proposed Light-SLAM, which adopts deep local feature descriptors in place of complete
networks, improving efficiency while maintaining illumination adaptability; however,
matching quality still drops sharply under instantaneous extreme brightness transitions.
Overall, deep learning-based methods still face a trade-off between generalization and
real-time performance. In terms of image processing-based methods, Dai [14] proposed
ELL-ORB-SLAM, which employs a hybrid dynamic illumination enhancement frame-
work and automatically lowers the detection threshold in dark environments to extract
more feature points; however, excessive enhancement may amplify noise in smooth re-
gions. Chen [15] proposed EAMT-SLAM, which utilizes thermal imaging sensors to main-
tain operation in the absence of illumination but is susceptible to interference from heat
sources. Yu [16], from a signal processing perspective, proposed AFE-ORB-SLAM com-
bining truncated AGC with unsharp masking, which reduces the impact of varying illu-
mination conditions on VSLAM, but the multi-layer processing incurs high computational
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overhead. Canh [17] further introduced an adaptive feature extraction mechanism driven
by image entropy and gradient, which dynamically adjusts detection sensitivity based on
image content and filters unreliable feature points; however, it relies on empirical param-
eters and has limited cross-scenario generalization capability. Hou [18] approached the
problem from the camera parameter side, employing Bayesian optimization to dynami-
cally adjust exposure settings, effectively improving SLAM performance under changing
illumination conditions, yet suffers from optimization lag under rapid illumination
changes. Xu [19] proposed AirSLAM, which fuses point and line features to construct a
multi-stage relocalization method, but degenerates to point-only features in scenarios
with extremely sparse texture. In the main line of contrast enhancement, research has un-
dergone a clear evolution from global equalization to local adaptive enhancement. Fang
[20] proposed HE-SLAM, which was the first to introduce histogram equalization into the
SLAM front end. It offers fast computation and effectively increases the number of ex-
tractable feature points; however, HE indiscriminately enhances global contrast, which
tends to amplify noise in complex scenes. To mitigate this drawback, Yang [21] introduced
a contrast-limiting mechanism and proposed CLAHE-SLAM, which avoids excessive gain
in noisy regions through block-wise processing and clipping limits, thereby improving
visual naturalness. Nevertheless, CLAHE with fixed parameters provides limited im-
provement under extreme illumination conditions and incurs higher computational com-
plexity. On this basis, Aihua [22] adaptively adjusted the clipping limit using image stand-
ard deviation, eliminating the need for manual parameter tuning; however, in scenes with
coexisting bright and dark regions, a luminance-only adaptive strategy still struggles to
balance both ends simultaneously. In summary, existing methods either adopt a single
enhancement strategy that cannot simultaneously address brightness recovery, contrast
enhancement, and noise suppression, or rely on deep networks and empirical parameters,
leading to a contradiction between real-time performance and generalization.

Therefore, this paper proposes a robust visual SLAM localization method based on
multi-level adaptive image enhancement, which handles different degradation conditions
through a hierarchical processing scheme to compensate for the deficiencies of existing
single enhancement approaches. This paper takes ORB-SLAM3 [23] as the basic frame-
work and adopts dynamic brightness compensation, color space conversion, improved
CLAHE enhancement, and YOLOv5-based dynamic feature removal to improve the sys-
tem’s adaptability and localization accuracy.

The contributions of this paper are as follows:

1. To address image quality issues, based on the brightness distribution and character-
istics of the image, brightness compensation is applied to images that do not meet
quality standards. The brightness value of each pixel is dynamically adjusted to en-
sure high image quality under different lighting conditions.

2. Based on the existing CLAHE image enhancement algorithm, this paper proposes an
adaptive CLAHE algorithm that adaptively adjusts the contrast limit by incorporat-
ing image gradient and texture complexity information, achieving superior image
enhancement.

3. In dynamic scenes, this paper organically integrates the multi-level adaptive image
enhancement method with an object detection network. The enhanced data enable
more stable recognition and extraction of sufficient feature points, while also accu-
rately identifying dynamic objects and eliminating feature points on dynamic objects,
thereby achieving accurate subsequent camera pose estimation.

4.  To verify the accuracy and robustness of the proposed method, experimental valida-
tion is conducted on different datasets. The experimental results demonstrate that
the proposed method achieves good localization accuracy and robustness in chal-
lenging lighting scenes.
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2. Technical Route of the Proposed Method

Visual SLAM localization technology relies on visual sensors to capture and match
multi-dimensional features of the environment to achieve real-time localization and map
construction. Under ideal lighting conditions, this technology can provide high-precision
localization services, demonstrating excellent localization accuracy and system robustness.
However, under complex and variable lighting conditions, the difficulty of feature extrac-
tion increases significantly, leading to accumulated localization errors and, in severe cases,
even complete loss of localization capability. Furthermore, feature points on dynamic ob-
jects in the environment may be misjudged as static landmark points, further interfering
with feature matching and camera pose estimation, resulting in trajectory drift and local-
ization bias. To address this challenge, this paper proposes a visual SLAM localization
method based on multi-level adaptive image enhancement. The overall technical route is
shown in Figure 1.
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Figure 1. Overall algorithm structure (green indicates improved components).

As shown in Figure 1, the process first dynamically processes the image through an
adaptive adjustment algorithm to effectively enhance image details and improve contrast.
First, by analyzing the brightness distribution and characteristics of the image, the mean
brightness and standard deviation of brightness are calculated to assess image quality.
Adaptive brightness compensation is applied to images that do not meet quality stand-
ards, dynamically adjusting the brightness value of each pixel to ensure high image qual-
ity under different lighting conditions. Subsequently, the enhanced image is converted
from the RGB color space to the HSV color space [24], and an improved CLAHE algorithm
is applied to the brightness (V) channel to further enhance image brightness and contrast
while maintaining image smoothness. This multi-level optimization strategy significantly
improves image quality, which not only enhances the stability of feature extraction but
also, by improving contrast and detail, makes object features clearer and boundaries more
distinct, thereby enabling more accurate identification and selection of feature points un-
der complex lighting conditions. On this basis, the algorithm introduces YOLO [25] object
detection technology to accurately identify dynamic objects in complex lighting scenes,
eliminating interference from dynamic feature points. By removing feature points on dy-
namic objects, the system reduces the impact of dynamic factors on pose estimation. This
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method effectively reduces trajectory deviation and drift, enabling the visual SLAM sys-
tem to maintain high-precision localization capability even in dynamic environments. The
method proposed in this paper significantly improves the robustness and accuracy of vis-
ual SLAM in scenarios with complex lighting conditions.

In summary, compared with existing CLAHE-based and illumination-robust SLAM
methods, our method has the following key distinctions: unlike single-stage enhancement
performed in the RGB space, our method employs a multi-level architecture comprising
brightness compensation, HSV color space conversion, and improved CLAHE to progres-
sively improve image quality; standard CLAHE uses a fixed clipping limit, whereas our
method dynamically adjusts the limit according to local gradient and texture complexity
of the image, suppressing noise amplification in texture-sparse regions while preserving
details in texture-rich regions; existing illumination-robust SLAM methods mostly focus
solely on enhancement itself, while our method further synergizes the enhancement mod-
ule with YOLOv5-based dynamic feature removal, improving detection recall rate and
enhancing localization accuracy.

3. Overview of Principles and Methods

This section presents the principles and techniques of the proposed method in detail,
including dynamic brightness compensation, color space conversion, improved CLAHE
algorithm, and dynamic feature detection and removal. The overall structure of the algo-
rithm is shown in Figure 2.

Input Images

No Enhanced . | Dynamic Feature
Low-quality ORB Extraction g Removal
image? Yy
Yes "
Brightness E(;r];lizi StifIiCth?mre
. atching
Compensation Detection
A A
RGB to HSV Enhanced Pose Estimafi
> . ose Estimation
Conversion Images
7'y
A
. L Improved
Brightness V > CLAHE

Figure 2. Structure of the proposed algorithm.

As shown in Figure 2, the input image first undergoes quality assessment, followed
sequentially by dynamic brightness compensation, HSV color space conversion, and im-
proved adaptive CLAHE enhancement, producing a high-quality enhanced image for
subsequent feature extraction. Meanwhile, the enhanced image is fed into the YOLOv5
object detection thread to identify dynamic objects. After the ORB feature points within
the detected dynamic regions are removed, only the static feature points are retained for
pose estimation.
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3.1. Image Enhancement

To address the problem of complex illumination affecting the localization accuracy
of VSLAM, this paper adopts a multi-level image enhancement method, which mainly
consists of three components: dynamic brightness compensation, color space conversion,
and improved CLAHE enhancement.

3.1.1. Dynamic Brightness Compensation

Under complex lighting conditions, the captured images may suffer from excessively
low brightness or uneven illumination, which severely affects the accuracy of feature
point extraction and localization precision. In such cases, simply applying image enhance-
ment techniques often fails to achieve the desired results. Therefore, targeted brightness
compensation is required for such images to improve image quality and provide a better
image foundation for subsequent feature point extraction and localization.

To address this issue, this paper proposes a dynamic brightness compensation
method, which dynamically adjusts the brightness value of each pixel by analyzing the
brightness distribution and characteristics of the image. Before performing brightness ad-
justment, the image quality is first evaluated. Brightness adjustment is only applied when
the image quality falls below a certain threshold, thereby avoiding unnecessary pro-
cessing on high-quality images. The specific steps are as follows:

First, the luminance mean L of the image is calculated as shown in Equation (1):

mean

n -m

L _EEe) )

‘mean ~ mXn
where # and m represent the width and height of the image, respectively. where
L(x,y) denotes the luminance value at point (x, y).
Secondly, the luminance standard deviation L, of the image is calculated as

shown in Equation (2):

n m _ 2
o [Reen-r 0

'std
) mxn

Subsequently, a decision function Q is defined to determine whether luminance

adjustment is required, shown in Equation (3):
{o, if|L,,, —0.5<eand L >6

1, otherwise

®)

to 0.5, and

0 is a positive constant for determining whether L, is sufficiently large. When the

where ¢ is a small positive constant used to assess the proximity of L

mean

mean brightness is far from 0.5 and the standard deviation of brightness is large, output
Q=1, perform brightness adjustment on the image; output Q=0 indicates that the im-
age quality is good and no adjustment is required. We selected thousands of images from
the EuRoC dataset used in this paper. After trigger validation using multiple sets of pa-
rameters, we found that the trigger accuracy is relatively high when & is between 0.10
and 0.15 and @ is between 0.20 and 0.25. Specifically, we selected &£ =0.12 and
0 =0.22 as the thresholds for triggering dynamic compensation.
The adjustment formula used is shown in Equation (4):
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L(x,y)=L

mean

XL(x,p)* +(1= L, )X L(x,y)’ 4)

Equation (4) refers to reference [26], where ¢ is the enhancement correction param-
eter for low-brightness regions, and f is the suppression correction parameter for high-

brightness regions. In this paper, @ and [ are set to 0.20 and 1.20, respectively.

3.1.2. Improved CLAHE Algorithm Based on HSV

After performing dynamic brightness compensation, this section proceeds with im-
age enhancement to improve image contrast and detail. For RGB image data, this paper
introduces color space conversion technology to transform the RGB color space into the
HSV color space. The HSV color space describes color information in an image through
three dimensions: Hue (H), Saturation (S), and Value (V). Among these, Hue defines the
type of color, Saturation measures the purity of the color, and Value describes the bright-
ness of the color. Enhancing the V channel is equivalent to directly enhancing the gray-
scale image. ORB feature extraction relies on image grayscale information to compute
FAST corners and BRIEF descriptors. The V channel of HSV directly reflects pixel bright-
ness, so enhancing the V channel directly improves the identifiability of the grayscale
structural information on which feature extraction depends. If enhancement is performed
separately on the three RGB channels before conversion to grayscale, the varying enhance-
ment amplitudes across different channels may cause the composite grayscale value to
deviate from the true brightness distribution, leading to degraded grayscale consistency
of the same scene under different viewpoints, which in turn compromises the stability of
feature matching. Moreover, HSV conversion involves only simple arithmetic operations
and does not significantly increase the processing latency of the SLAM front end, ensuring
efficient integration between the enhancement module and feature extraction.

The conversion from the RGB color space to the HSV color space can be achieved
using the following mathematical formulas:

Step 1: Calculate the maximum and minimum values of RGB.

M =max(R,G,B)

m=min(R,G, B) )

C=M-m
where M denotes the maximum value among the three RGB color components, m rep-
resents the minimum value among the three RGB color components, C indicates the
chroma difference, R corresponds to the red color component, G to the green color

component, and B to the blue color component.
Step 2: Calculate H

0 if C=0
60° x ﬂmocm) if M=R
C
H= _ 6
60° % Mu} if M=G (©)
C
60° X R;G+4J if M=B

Step 3 Calculate S
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0,if M =0

S= 7
£ ,otherwise @)
M

Step 4 Calculate V'
V=M 8)

where H denotes hue, S represents saturation, and ¥ indicates brightness.

Through the above steps, the conversion from the RGB color space to the HSV color
space can be achieved. The improved CLAHE image enhancement technique is applied
to the Value (V) channel of the converted HSV color space, which can more effectively
improve contrast in low-light or illumination-varying scenes, thereby making feature
point extraction more stable and increasing the number of feature points. CLAHE is an
improved strategy over the HE algorithm, overcoming the problem of excessive noise en-
hancement that HE may cause when processing images. However, because the fixed-pa-
rameter CLAHE algorithm uses a fixed contrast limit without considering the specific con-
tent and characteristics of the image, it may fail to effectively preserve details in high-
texture regions and may excessively enhance noise in low-texture regions. To address this
issue, we further propose an adaptive CLAHE image enhancement algorithm.

The specific procedure is as follows:

First, local histogram equalization is applied. For each local region, its gray-level dis-
tribution is statistically analyzed to compute the grayscale histogram, which is achieved
by the following Equation (9):

hm(g)=(x§d5(l(x,y)—g), g=0,1,...,255 9

where /(x,y) denotes the gray-level value of the input image at coordinate (x, y), 4
is the Kronecker delta function defined as: it equals 0 =1 when the input is 0, and
0 =0 otherwise, and h,(g) represents the frequency of occurrence of gray level g

within the local region.

Secondly, contrast limitation is applied. A parameter limit isintroduced to prevent
local over-enhancement caused by excessively high frequencies of certain gray levels. The
CLAHE parameter limit is set adaptively according to the complexity of the image con-
tent: if the image contains rich textures or abundant details, limit is assigned a smaller
value to avoid excessive enhancement of fine structures; conversely, for relatively uniform
images, limit is increased. When the frequency of a histogram —that is, the pixel count
of a given gray level exceeds the threshold limit, clipping is performed on that gray-
level frequency, and the excess portion is redistributed smoothly to suppress noise over-
amplification. The clipping of histogram /4, (g) is implemented as shown in Equation

(10).
hy, () = min (A, (g),limit) (10)

where limit denotes the histogram clipping upper limit, and h.;,(g) represents the

histogram after clipping.

To address the limitations of a fixed limit, this paper proposes an adaptive limit
parameter setting method. By dynamically adjusting the contrast limit based on image
gradient and texture complexity, the proposed approach can adaptively respond to the
characteristics of different images, offering improved adaptability and flexibility. Further-
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more, the resulting image enhancement is more uniform and natural, optimized according
to the specific features of each image. This makes the method suitable for various complex
scenarios, particularly those requiring fine-tuned contrast limitation to preserve details
while suppressing noise. The specific implementation is given by Equation (11).

limit = (1—L]+[1—ij+c (1)
O-max dmax

where O is the gradient standard deviation of the current image, d is the texture com-

plexity of the current image, O, is the maximum gradient standard deviation in the

max

dataset, and d,_,

. is the maximum texture complexity in the dataset. Both of these values
can be obtained through statistical analysis of the dataset. where ¢ is the base contrast
limit, which ensures the fundamental clipping enhancement effect. When both the gradi-
ent and texture complexity in Equation (11) reach their maximum values, the limit result
is approximately c itself. Referring to the classical CLAHE [27] algorithm, ¢ is set to
1.0. For other cases of gradient and texture complexity, adaptive clipping limits can be
achieved through Equation (11). The calculation formulas for O and d are given in

Equations (12) and (13), respectively.

1 m n o _
o =\/ LX) (12)
mxn i=1j=1
where (i, j) is the pixel value at position (7, j) in the image T is the average pixel
value of the image, and m and 7 represent the width and height of the image, respec-
tively.
1 m n L. —
L2(L(G =LY (13)

mXn i=1j=1

d =

where L(i, j) denotes the pixel value at position (i, j) after processing with the La-

placian operator, and L represents the mean pixel value of the processed image, defined
as the arithmetic average of all Laplacian-derived pixel values. Equation (12) dynamically
adjusts the clip limit limit by integrating both gradient magnitude and texture com-
plexity information from the image, thereby achieving adaptive enhancement perfor-
mance.

After clipping, the total number of pixels a in the excess portion is calculated as
shown in Equation (14):

255

E = Y max(0,h,(g)—limit) (14)
g=0

The value E is uniformly redistributed across all gray levels, resulting in the ad-

justed histogram #_, (g), as shown in Equation (15):

redist

E
hredist (g) = hclip (g) + ﬁ (15)

where the redistributed histogram ensures that the total pixel count remains unchanged
and the distribution becomes more uniform.

Finally, bilinear interpolation is employed to achieve smooth transitions. For any
pixel (x,y) in the image, the four nearest local region centers (x,,y,), (x,,,7;),

(x,y;,) and (x,,,y,,,) are first determined. Normalized coordinates are then com-

puted as shown in Equations (16) and (17):
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X=X,
U=—m—- (16)
Xin =X
Y=y,
v=—" 17)
Yinn =Y,

where u,ve [0,1], u denote the normalized distances in the horizontal direction, rep-

resenting the positional ratio of the pixel relative to the left region center to the right region
center; v denotes the normalized distance in the vertical direction, representing the po-
sitional ratio of the pixel relative to the upper region center to the lower region center. The
mapped results of the current pixel gray value /(x,y) under the four adjacent local re-

gions are respectively calculated as shown in Equation (18):

Joo =T, ;(I(x,))
Jio= T;H,j (I(x,y))
Jo = ];,jﬂ (I(x,))

fu= Ty (I(x,»))

where f, represents the mapping result of the pixel in the upper-left region (i, j),

(18)

Jio denotes the mapping result in the upper-right region (i+1, j), f, indicates the

mapping result in the lower-left region (i, j+1), and f|, corresponds to the mapping
result in the lower-right region (i+1, j +1) . The bilinear interpolation formula is then
applied to integrate these four mapped values, yielding the final enhanced gray value
h, (x,y), as shown in Equation (19):

h, (x,y)=-u)1=v)f, +ud=v)f +A-u)f, +uvf, (19)

This formula achieves smooth transitions through a weighted average of the map-
ping results from four adjacent local regions. The improved CLAHE achieves adaptive
adjustment of the clipping amplitude, requiring only the updating of dataset statistics to
automatically adapt to new image distributions. When an image contains rich texture or
fine structures, its histogram is already naturally spread across a wide grayscale range
without significant sharp peaks. The adaptive clipping limit is automatically raised to
a lower level, and the clipping amplitude is small, having little impact on the histogram
shape. This prevents the CDF mapping function from over-stretching the already well-
spread histogram, thereby protecting fine structures from being excessively amplified. For
image regions with gradual grayscale variations, pixels are highly concentrated within a
limited grayscale range, and the histogram exhibits a pronounced peak distribution. The
adaptive clipping limit is automatically raised to a higher level, allowing peaks to be
moderately preserved rather than excessively flattened. This means that the CDF main-
tains a sufficiently steep slope at the peaks, retaining a stronger stretching effect of the
mapping function, thereby mapping the originally concentrated grayscale levels more sig-
nificantly and effectively enhancing the contrast of flat regions. By improving the CLAHE
strategy, the stability of the ORB-SLAMS3 system can be ensured even in scenes with illu-
mination variations or when a single image suffers from lighting issues.

In summary of Sections 3.1, to address the degraded localization accuracy of visual
SLAM in complex illumination environments, the proposed multi-level adaptive image
enhancement method effectively improves image quality, as shown in Figure 3.

https://doi.org/10.3390/ijgi15070315
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Figure 3. Image enhancement results.

In Figure 3, Figure 3a displays the original image, Figure 3b presents the image en-
hanced by the classical CLAHE algorithm, and Figure 3c shows the result of our proposed
adaptive enhancement method. It is evident that under complex illumination conditions,
the quality of the original image in Figure 3a is significantly compromised, manifesting as
deficiencies in both contrast and luminance. In comparison, Figure 3b demonstrates im-
proved contrast and brightness through CLAHE enhancement. Our method employs a
multi-level adaptive image enhancement approach, building upon dynamic luminance
compensation and proposing an adaptive CLAHE algorithm. Unlike conventional
CLAHE, our algorithm adopts an adaptive clip limit strategy, proving more effective in
complex lighting conditions. As clearly observed in Figure 3, Figure 3c exhibits superior
enhancement effectiveness in both contrast and luminance compared to Figure 3b, thereby
establishing a high-quality image foundation for subsequent feature point identification.

3.2. Dynamic Feature Point Removal Based on Object Detection

In dynamic scenes, the localization robustness of traditional VSLAM systems faces
fundamental challenges. When moving objects occupy a large proportion of the field of
view or exhibit high-speed motion characteristics, visual odometry based on the static en-
vironment assumption can easily misclassify dynamic feature points as static environ-
mental elements. Such mismatching undermines the accuracy foundation of the entire lo-
calization system.

To address the impact of dynamic environments on the localization results of ORB-
SLAMS3. In this paper, we incorporate a YOLOvV5 object detection thread. The detection
model is YOLOV5s, initialized with the COCO 2017 pre-trained weights. Our experiments
are conducted in indoor environments, with humans as the primary dynamic objects to
be detected. The specific integration strategy is as follows: after the tracking thread ac-
quires a new frame, it pushes the frame into the detection queue. The YOLOV5 thread
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reads the frame from the queue and performs inference, outputting 2D bounding boxes
of dynamic objects. After the tracking thread extracts ORB features, it removes the feature
points that fall within the dynamic bounding boxes, retaining only the static feature points
for subsequent matching and pose estimation. Meanwhile, the image enhancement mod-
ule described in Section 3.1 and the dynamic feature removal module in this section do
not operate independently, but rather form a closed-loop collaborative optimization. The
synergy is manifested in two directions: under low illumination or non-uniform lighting
conditions, the edge and texture information of dynamic objects in the original image is
overwhelmed by noise, resulting in a significant drop in the detection recall rate of
YOLOVS5. The image enhancement in Section 3.1 improves the image quality at the source,
making the contours of dynamic objects clearer and directly enhancing the detection recall
rate and bounding box accuracy of YOLOvVS5 under degraded illumination. If the ORB fea-
ture points on dynamic objects are not removed, they will participate in pose estimation
as pseudo-static features, introducing moving outlier errors that mask the feature quality
improvements brought by enhancement. Dynamic removal eliminates these outliers, al-
lowing the gains from enhancement to be fully translated into localization accuracy im-
provements. The two modules complement each other.as shown in Figure 4.

<hair 0.75

Figure 4. Comparison of recognition performance before and after enhancement.

To verify the object recognition capability of the proposed method under complex
illumination, Gamma correction is applied to images from the dataset to artificially con-
struct complex lighting scenes. As shown in Figure 4, under the left-side lighting condition,
the recognition performance of YOLOVS5 for various objects is subject to interference. Due
to low image brightness and contrast, issues such as incomplete object recognition, mis-
recognition, and even failure to recognize objects occur. In such cases, it becomes difficult
to accurately remove dynamic feature points, and subsequent localization will also be af-
fected. In contrast, with the proposed method, image quality is improved, enabling accu-
rate recognition of various objects, thereby providing strong support for subsequent dy-
namic removal. Based on the accurate recognition of dynamic objects in the environment,
the proposed method achieves the removal of dynamic feature points, as shown in Figure
5.
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Figure 5. Comparison of feature point extraction performance between ORB-SLAMS3 and the pro-
posed method.

As shown in Figure 5, in the presence of dynamic objects such as people, ORB-
SLAMS3 extracts dynamic feature points on these moving objects, and the use of such fea-
ture points severely affects localization accuracy. The proposed method removes these
dynamic feature points while retaining more static feature points in the background.
Based on a more stable number of static feature points, the subsequent localization per-
formance becomes more accurate.

The workflow of the proposed VSLAM localization algorithm based on multi-level
adaptive image enhancement is presented in Algorithm 1.

Algorithm 1: Robust Visual SLAM Localization Method Based on Multi-level Adaptive
Image Enhancement

1. Dynamic Luminance Compensation

1.1 Calculate the luminance mean L, of the image according to Equation (1):
1.2 Calculate the luminance mean L , of theimage according to Equation (2):

1.3 Define a decision function Q
If |L,,, —0.5|<¢eandL , >6
Obtain Q=0 according to Equation (3).
Elseif Obtain Q=1 according to Equation (3).

mean

1.41If Q=1, perform luminance compensation according to Equation (4).
2. RGB Color Space Conversion
2.1 Obtain the maximum and minimum values of RGB according to Equation (5).
2.2 Compute HSV
Obtain H according to Equation (6).
Obtain S according to Equation (7).
Obtain V according to Equation (8).
3. Adaptive CLAHE Image Enhancement
3.1 Apply local histogram equalization to the image according to Equation (9).
3.2 By substituting Equations (12) and (13) into Equation (11), the adaptive calcu-
lation of parameter limit is achieved.
3.3 The clipping of the histogram is implemented according to Equation (10).
3.4 The total number of pixels in the clipped portion is calculated according to
Equations (14) and (15), yielding the corrected histogram #_, . (g).

3.5 By substituting Equations (16)-(18) into Equation (19), the final enhanced
grayscale value % (x,y) isobtained.

4. Enhanced Dynamic Feature Point Detection and Removal
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4.1 The image data undergo the aforementioned steps to achieve multi-level en-

hancement.

4.2 The enhanced data are processed through the YOLO object detection module

to accurately identify dynamic objects within them.
4.3 Dynamic feature points located on the detected dynamic objects are removed.

4.4 Using the retained static feature points for feature matching to achieve high-

precision pose estimation.

4. Experimental Results and Analysis

To address the problem that different lighting conditions negatively affect the local-
ization accuracy of visual SLAM, this paper takes the ORB-SALM3 algorithm framework
as the research object and achieves stable visual localization under different lighting con-

ditions by integrating adaptive image enhancement techniques.

4.1. Experimental Validation Under Complex Lighting Conditions
Experiments were conducted on the MHO05 and V203 sequences from the EuRoC da-
taset. These two sequences are classified as difficult level and contain challenging scenar-

ios, such as varying illumination conditions, severe shaking, and dark environments. The
experimental results were compared with those of ORB-SLAM3, and the overall trajectory

comparisons are shown in Figure 6.
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Figure 6. Comparison of overall trajectories between ORB-SLAMS3 and the proposed method under

complex lighting conditions.

From the overall trajectory comparison in Figure 6, it can be observed that the camera
estimated trajectory of ORB-SLAMS3 exhibits certain deviations from the ground truth tra-

https://doi.org/10.3390/ijgi15070315



ISPRS Int. ]. Geo-Inf. 2026, 15, 315

15 of 22

)

APE (m

APE (m)

0.5

0.4

0.3

0.1

0.0

jectory (marked by the black dashed line) across the entire range, indicating that complex
illumination conditions considerably affect the localization accuracy of the VSLAM sys-
tem. In contrast, the camera estimated trajectory of our proposed method shows a high
degree of overlap with the ground truth trajectory, demonstrating that our method
achieves better robustness and higher localization accuracy under complex illumination
conditions. The detailed absolute trajectory error comparison is shown in Figure 7.
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Figure 7. Comparison of absolute trajectory errors.

In Figure 7, it can be observed that the absolute trajectory error of ORB-SLAM3 ex-
hibits relatively large fluctuations overall, indicating that complex illumination conditions
significantly affect its localization accuracy. The RMSE value is also relatively large,
demonstrating that the localization accuracy of ORB-SLAMS in this scenario is not satis-
factory. In contrast, the absolute trajectory error of our proposed method shows smaller
fluctuations overall, and the RMSE value is considerably lower than that of ORB-SLAM3,
confirming that our method achieves higher localization accuracy and better robustness
under complex illumination conditions. To verify the robustness of the proposed method,
Figure 8 presents the results of ten executions on multiple sequences.

As shown in Figure 8, squares of different colors represent different ranges of RMSE
values. The darker the color, the larger the RMSE value and the lower the relative locali-
zation accuracy; the lighter the color, the smaller the RMSE value and the higher the rela-
tive localization accuracy. In the left figure, it can be observed that in some executions of
the MHO04 and MHO05 sequences, darker-colored squares appear, indicating that in these
cases, ORB-SLAM3 has a larger RMSE and lower localization accuracy. Compared with
the heatmap of ORB-SLAMS3 on the left, the colors in the heatmap corresponding to the
proposed method are generally lighter, and the number of dark squares is significantly
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10

reduced, indicating that the proposed method achieves a smaller RMSE, higher localiza-
tion accuracy, and greater stability across multiple executions of multiple sequences.

ORB-SLAM3 Our Method
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Figure 8. Comparison Between ORB-SLAMS3 and the Proposed Method.

To enhance the reference value of our research and the persuasiveness of our pro-
posed method, we have further extended the comparison methods, as shown in Table 1.
To further validate the effectiveness of our proposed method under complex illumination
scenarios, we compared it with multiple existing methods, including DSO, SVO, DSM
[28], ORB-SLAM3, HE-SLAM, CLAHE-SLAM, Retinex-SLAM, and Light-SLAM. These
methods encompass standard SLAM, image enhancement-based SLAM, and deep learn-
ing-based SLAM. The RMSE comparison results are presented in Table 1.

Table 1. Comparison of RMSE (m) performance on the EuRoC dataset.

ORB- CLAHE- Retinex- Light-
Sequence DSO SVO DSM SLAM3 HE-SLAM SLAM SLAM SLAM Our
MHO01 0.046 0.100 0.039 0.038 0.041 0.038 0.035 0.035 0.035
MHO02 0.046 0.120 0.036 0.032 0.040 0.038 0.032 0.037 0.031
MHO03 0.172 0.410 0.055 0.037 0.050 0.040 0.039 0.033 0.037
MHO04 3.810 0.430 0.057 0.062 0.105 0.063 0.071 0.112 0.057
V101 0.089 0.070 0.095 0.088 0.088 0.087 0.089 0.084 0.087
V102 0.107 0.210 0.059 0.076 0.064 0.065 0.063 0.058 0.066
V201 0.044 0.110 0.056 0.059 0.062 0.060 0.060 0.065 0.058
V202 0.132 0.110 0.057 0.061 0.063 0.060 0.057 0.052 0.056

Table 1 compares the performance of different VSLAM or visual odometry methods
on multiple sequences of the EuRoC dataset. As can be seen from the table, our method
achieves either the best or comparable accuracy to other state-of-the-art methods on the
vast majority of sequences. Specifically, on the MH01, MH02, MHO04, V201, and V202 se-
quences, our method yields the lowest RMSE values among all compared methods. No-
tably, MHO04 is considered a challenging sequence in the EuRoC dataset with the most
severe illumination conditions, and our method achieves the highest localization accuracy
on this sequence. This benefits from the multi-level adaptive image enhancement algo-
rithm adopted in our method, which dynamically adjusts the enhancement thresholds
according to the structural characteristics of the image sequence, thereby providing more
stable image feature points for localization and consequently improving localization ac-
curacy.
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Although the proposed multi-level adaptive image enhancement method can effec-
tively improve image quality under complex illumination conditions, it should be noted
that any image enhancement technique carries the potential risk of introducing artifacts.
Excessive enhancement, such as overly high contrast stretching or improper CLAHE clip-
ping threshold settings, may lead to halo artifacts at image edges, saturation distortion in
textured regions, and even amplification of sensor noise in low-texture areas. These arti-
ficially introduced spurious structures may be misidentified as valid corners by feature
detectors, resulting in a decreased inlier ratio in descriptor matching and consequently
affecting pose estimation accuracy. To address this issue, our method dynamically adjusts
the contrast limiting parameter of CLAHE by incorporating gradient standard deviation
and texture complexity, achieving a balance between enhancement effectiveness and arti-
fact suppression while avoiding the distortion of the original geometric and brightness
features caused by excessive enhancement.

4.2. Experimental Validation in Dynamic Environments

To verify the effectiveness of the proposed method in dynamic scenes, the TUM da-
taset is selected for experimental validation. The TUM dataset, provided by the Technical
University of Munich (TUM), is a series of datasets widely used in computer vision and
robotics research, particularly for tasks such as visual odometry (VO) and SLAM. The
TUM dataset contains image sequences from various scenes covering different parts of
indoor environments. In this paper, the dynamic data sequences fr3_walking_half,
fr3_walking_rpy, fr3_walking_static, and fr3_walking xyz from the TUM dataset are se-
lected for experimental validation, and the results are compared with those of ORB-
SLAMS3. The results are shown in Figures 9-12.
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Figure 9. Comparison of trajectory errors on fr3_walking_half.
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Figure 10. Comparison of trajectory errors on fr3_walking_rpy.
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Figure 11. Comparison of trajectory errors on fr3_walking_static.
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Figure 12. Comparison of trajectory errors on fr3_walking_xyz.

As can be seen from the above figure, in dynamic scenes, the localization results of
ORB-SLAMS3 are severely disturbed by dynamic objects, and the camera estimated trajec-
tory differs significantly from the ground truth trajectory. In highly dynamic environ-
ments, ORB-SLAMS3 cannot achieve accurate localization, whereas the proposed method
effectively solves this problem. Detailed evaluation results are shown in Tables 2 and 3.

Table 2. Comparison of ATE (m) performance.

s ORB-SLAM3 Our
equence MEAN RMSE STD MEAN RMSE STD
fr3_walking_half 0.1622 0.2089 0.1315 0.0233 0.0273 0.0143
fr3_walking_rpy 0.5896 0.6841 0.3469 0.0242 0.0278 0.0136
fr3_walking_static 0.0431 0.0745 0.0607 0.0071 0.0080 0.0036
fr3_walking_xyz 0.6468 0.7481 0.3759 0.0140 0.0157 0.0079

Table 3. Comparison of RPE (m) performance.

Sequence ORB-SLAM3 Our
MEAN RMSE STD MEAN RMSE STD
fr3_walking_half 0.0157 0.0208 0.0137 0.0109 0.0134 0.0077
fr3_walking_rpy 0.0217 0.0280 0.0177 0.0159 0.0205 0.0129
fr3_walking_static 0.0108 0.0193 0.0159 0.0055 0.0065 0.0034
fr3_walking xyz 0.0205 0.0247 0.0139 0.0095 0.0116 0.0066

From the analysis of the above tables, it can be seen that all accuracy evaluation met-
rics of the proposed method are superior to those of ORB-SLAMS3. In the fr3_walking_half
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dataset, compared with ORB-SLAM3, the RMSE of ATE is reduced by 86.93%; in the
fr3_walking_rpy dataset, the RMSE of APE is reduced by 95.94%; in the fr3_walking_static
dataset, the RMSE of ATE is reduced by 89.26%; in the fr3_walking_xyz dataset, the RMSE
of ATE is reduced by 97.90%. The experimental results demonstrate that, compared with
ORB-SLAMS3, the proposed method can effectively achieve stability and accuracy in visual
localization under dynamic environments.

We conducted real-time performance tests on both the EuRoC dataset and the TUM
dataset. On the EuRoC dataset, the per-frame processing time of ORB-SLAM3 is 16.3 ms,
while that of our method is 25.7 ms, corresponding to a frame rate of 38.9 fps. On the TUM
dataset, the per-frame processing time of ORB-SLAM3 is 21.3 ms, while that of our method
is 40.7 ms, corresponding to a frame rate of 24.5 fps. Compared with the original ORB-
SLAMS3, our method incurs a certain increase in processing time. However, with the in-
corporation of the adaptive image enhancement module and the object detection module,
the RMSE values are reduced by 26.9% and 92.5%, respectively, demonstrating a signifi-
cant improvement in accuracy.

4.3. Ablation Experiment

To evaluate the individual contributions of each component in the proposed algo-
rithm, we conducted an ablation study on the V103 sequence from the EuRoC dataset, as
shown in Table 4.

Table 4. Ablation study RMSE (m) comparison of image enhancement modules.

MEAN RMSE

ORB-SLAM3 0.075 0.087

Brightness compensation 0.069 0.075
Improved CLAHE 0.062 0.067

V-channel + Improved CLAHE 0.060 0.064
Brightness compensation + Improved CLAHE 0.063 0.066
Full enhancement module 0.052 0.056

From the above table, it can be observed that, compared with ORB-SLAMS3, each
component of our proposed image enhancement algorithm contributes to improved ac-
curacy. Specifically, brightness compensation provides balanced input, ensuring the ef-
fectiveness of the subsequent modules. Enhancing the V-channel directly improves the
identifiability of the grayscale structural information on which feature extraction depends,
ensuring the stability of feature matching, and thereby further enhancing the performance
of Improved CLAHE. The synergy of all three components achieves the optimal localiza-
tion results. This demonstrates that the accuracy gain of the image enhancement module
is not dominated by a single component, but rather results from the synergistic effect of
all three modules working together.

To further validate the collaborative effect between the image enhancement algo-
rithm and the object detection algorithm, we conducted experiments on the fr3_walk-
ing_rpy sequence from the TUM dataset, with results presented in Table 5.

Table 5. Ablation RMSE (m) comparison of the overall image enhancement module and the tracking
thread.

MEAN RMSE

ORB-SLAM3 0.5896 0.6841
YOLOv5-SLAM3 0.0314 0.0342
Our 0.0233 0.0273

https://doi.org/10.3390/ijgi15070315



ISPRS Int. ]. Geo-Inf. 2026, 15, 315

20 of 22

From the above table, it can be seen that our proposed method achieves the highest
accuracy, with a 20.2% improvement in accuracy over YOLOv5-SLAMS3. This detection
performance benefits from the front-end image enhancement, as the enhanced images en-
able YOLOV5 to recognize objects more completely and accurately, avoiding the retention
of dynamic feature points caused by missed detections. This synergistic relationship indi-
cates that image enhancement and object detection are not isolated modules but rather
exhibit a positive mutual reinforcement effect.

Under complex illumination conditions, the image enhancement module effectively
improves image quality, making feature extraction more stable and rendering the con-
tours of dynamic objects clearer, which directly enhances the detection recall rate and
bounding box accuracy of YOLOV5 in degraded illumination. When dynamic objects are
present, YOLOVS5 can detect them and remove the corresponding dynamic feature points,
allowing the gains from image enhancement to be fully translated into localization accu-
racy improvements. The two modules complement each other. In summary, the accuracy
gains of our proposed method arise from the synergistic effect of all components, with
each module playing its role under its respective conditions.

5. Conclusions

To address the adverse effects of complex lighting conditions on the localization ac-
curacy and robustness of VSLAM systems, this paper proposes a VSLAM localization
method based on multi-level adaptive image enhancement, which is an improvement
upon the ORB-SLAM3 framework. This method overcomes the limitations of conven-
tional single-image enhancement techniques and provides a new solution for visual local-
ization in complex lighting scenarios. First, dynamic brightness compensation is adopted
to resolve issues related to image brightness. Then, to achieve separation of the brightness
(V) channel, the image is converted from the RGB color space to the HSV color space.
Subsequently, an adaptive-limit CLAHE algorithm is proposed to effectively enhance the
image and highlight its texture information, providing a high-quality data foundation for
accurate feature point extraction. Meanwhile, to address the challenges posed by dynamic
environments, an object detection thread is added and organically integrated with the
above multi-level adaptive image enhancement method. On the basis of achieving accu-
rate identification of dynamic objects and elimination of dynamic feature points, this ap-
proach also preserves more static feature points in the background, thereby improving
the robustness and accuracy of VSLAM localization in dynamic environments.

Although our method demonstrates favorable localization accuracy and robustness
in complex illumination and dynamic environments, the following limitations remain to
be addressed in future research. First, our experiments were conducted and validated
only under monocular and RGB-D camera modes, and have not yet been extended to
other camera types. Therefore, the applicability and generalization capability of our
method across different camera types require systematic verification. Second, the datasets
used in this study are primarily indoor environments, which may not fully represent the
diversity of illumination challenges encountered in real-world applications. Conse-
quently, the generalization ability of the method under more diverse and challenging en-
vironmental conditions warrants further investigation. Future work will focus on ad-
dressing the above limitations by incorporating more device types for extended evalua-
tion. In addition, we plan to supplement our experiments with outdoor datasets to further
assess and enhance the cross-scenario adaptability of our method, thereby improving its
adaptability and reliability in a broader range of practical application scenarios.
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