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To address illumination-induced color recognition instability, ball stacking and jamming during continuous
delivery, and reduced reliability of intelligent delivery robots in complex environments, this paper proposes a
robot intelligent delivery method integrating an anti-jamming storage structure and an adaptive CLAHE-LAB
spatial feature fusion algorithm. First, a passive anti-jamming ball storage structure based on ball-diameter
constraints is designed for continuous ball storage and delivery. A top light shield reduces external illumination
interference, a ball-diameter-matched multi-hole inlet array disperses the ball entry path, and inner-wall
antibridging limiting ribs disrupt stable support states caused by multi-ball stacking, thereby reducing the risk
of jamming and discharge interruption. Second, an adaptive CLAHE-LAB spatial feature fusion algorithm is
proposed to overcome false and missed detection caused by traditional RGB/HSV threshold segmentation
under weak, strong, and non-uniform illumination. By decoupling luminance and chromaticity in LAB space,
enhancing local contrast, and fusing color saliency features, the separability between blue targets and the
background is improved. Finally, an experimental platform is built to evaluate color recognition, segmentation
accuracy, jamming frequency, and continuous delivery success rate. Experimental results show that the
proposed method improves blue target recognition stability, alleviates ball stacking and jamming, and enhances
continuous delivery reliability.
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1. Introduction

With the development of mobile robots, machine vision,
and embedded control technologies, small intelligent de-
livery robots for sorting, transportation, competition, and
service scenarios have attracted increasing attention. Exist-
ing studies have combined machine vision with robotic
actuators for object classification, material sorting, and
robotic grasping control [1, 2], and have further extended
these techniques to industrial sorting, multi-category waste
recognition, color-object sorting, and vision-based sorting
robots [3-6]. For robots that deliver spherical objects, the
system must not only perform color recognition and target

localization, but also ensure the continuity of ball storage,
discharge, and delivery actions. Therefore, visual robust-
ness, storage stability, and actuator coordination jointly
determine the overall performance and engineering appli-
cability of an intelligent delivery robot.

Existing color recognition methods mainly include RGB
threshold segmentation, HSV color-space segmentation,
image enhancement preprocessing, and multi-color-space
fusion. RGB thresholding is computationally simple and
easy to deploy, but color and brightness information are
strongly coupled, making thresholds prone to drift under
weak light, strong light, or local reflection. The HSV space
improves color representation and has been applied to color
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image segmentation [7, 8], while the LAB color space sepa-
rates luminance from chromaticity and can reduce the in-
fluence of illumination changes on color feature extraction
[9-11]. In addition, adaptive histogram equalization and
its variants can enhance local contrast [12]. Recent studies
on low-light and non-uniform illumination enhancement
show that brightness-adaptive enhancement is helpful for
improving target separability in dark, shadowed, and re-
flective scenes [13, 14]. Other studies further improve low-
light image quality through filtering enhancement, Retinex
modeling, ultra-high-definition enhancement, signal-to-
noise-ratio awareness, and fast robust enhancement strate-
gies [15-18]. Related feature fusion methods also improve
the stability of low-light image enhancement [19-21]. These
studies provide useful references for color target recogni-
tion under complex illumination. However, in embedded
robot scenarios, algorithms must still balance recognition
stability, computational complexity, parameter adaptivity,
and real-time deployment requirements.

In addition to visual recognition, mechanical reliability
during continuous multi-ball delivery also affects system
performance. When multiple balls enter the storage bin
simultaneously, random contact and local extrusion occur
among the balls. Constrained by bin size, inlet position,
ball diameter, and the discharge channel, balls may form
stacking, bridging, or arching states, resulting in uneven
discharge intervals, delivery interruption, or complete jam-
ming. Studies on granular flow and silo clogging show
that obstacles and structural constraints can change gran-
ular discharge states and affect clogging probability [22].
The arch-like contact structures formed before discharge
are also directly related to hopper clogging [23]. For small
robots with limited space, relying only on additional actua-
tors or complex control logic to solve ball jamming often
increases system weight, manufacturing cost, and control
difficulty. Therefore, passive structural design that im-
proves the ball entry path and the contact state inside the
bin is an effective approach for improving continuous de-
livery reliability.

In summary, although many achievements have been
made in color recognition algorithms, image enhancement,
and robotic sorting systems, two limitations remain for
small intelligent delivery robots. First, traditional color
segmentation methods mostly rely on a single color space
or fixed thresholds, which are not sufficiently adaptive to
complex illumination, local reflection, and shadow inter-
ference, and may cause missing target edges, background
false detection, and center localization deviation. Second,
some delivery structures focus more on actuator motion
while paying insufficient attention to random multi-ball

stacking, bridging, and jamming inside the storage bin,
which may cause discharge interruption or delivery failure
during continuous operation.

To address these problems, this paper proposes a robot
intelligent delivery method that integrates an anti-jamming
storage structure with an adaptive CLAHE-LAB spatial
feature fusion algorithm. The main contribution is that a
passive anti-jamming ball storage structure based on ball-
diameter constraints is designed to disperse the ball entry
path and disrupt stable multi-ball support states through
a top light shield, a multi-hole inlet array, and inner-wall
limiting ribs, while an adaptive CLAHE-LAB feature fu-
sion algorithm is developed to construct blue response
features and adaptively adjust enhancement parameters
and segmentation thresholds according to brightness statis-
tics. Through the collaboration of structural disturbance
reduction and visual enhancement, the proposed method
improves blue target recognition stability and continuous
delivery reliability under complex illumination conditions.

2. System design

2.1. System Composition and Working Process

The robot intelligent delivery system mainly consists of a
mobile chassis, a ball storage bin, an anti-jamming delivery
structure, a visual recognition module, a control module,
and actuators. The visual module captures images of the
target area, and the adaptive CLAHE-LAB spatial feature
fusion algorithm is used to complete color recognition and
target localization. According to the recognition result,
the control module drives the corresponding actuator to
complete the sorting or delivery action.

During operation, the robot first moves to the material
storage area, where balls enter the storage bin through the
anti-jamming structure. The structure constrains the ball
entry path and reduces unstable stacking inside the bin. Af-
ter image acquisition and color recognition, the controller
outputs delivery commands, and the delivery mechanism
unloads the target balls and returns to the initial state for
the next cycle. The exploded structure and physical proto-
type of the robot intelligent delivery system are shown in
Fig. 1.

2.2. Hardware design of the control system

The control system consists of a main control unit, a vi-
sual acquisition module, motor/servo driving modules,
a power supply module, and communication interfaces.
The visual module is responsible for collecting ball images,
while the main control unit performs recognition-result
parsing, delivery logic judgment, and actuator control. Af-
ter the target color and center coordinates are obtained,
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Fig. 1. Exploded structure and physical prototype of the
robot intelligent delivery system.

the controller converts the recognition result into a deliv-
ery command and drives the servo actuator to complete
unloading at the corresponding position.

In this control framework, the visual module and the
actuator module are connected through a simple sequential
logic. The visual module first completes image acquisition
and color judgment, and the controller then determines
whether the current recognition result satisfies the delivery
condition. When the target is confirmed, the corresponding
servo action is triggered according to the preset delivery
state; otherwise, the mechanism remains in the waiting
state and continues to receive visual feedback. This design
keeps the control process lightweight and helps coordinate
recognition, decision-making, and unloading within one
delivery cycle.

The hardware design also emphasizes modular connec-
tion and stable signal transmission. The visual acquisi-
tion module provides target information, the main control
unit performs task-state judgment, and the motor/servo
driving modules execute movement and unloading com-
mands. The power supply module provides independent
support for the controller and actuators to reduce inter-
ference caused by instantaneous motor current changes.
Through this modular organization, the recognition mod-
ule, control module, and delivery mechanism can operate
in a coordinated manner while keeping the system struc-
ture simple and suitable for compact robot platforms. The
hardware connection relationship is shown in Fig. 2.

2.3. Anti-jamming ball storage structure design based on
ball-diameter constraints

2.3.1. Analysis of ball-bin jamming

During continuous multi-ball delivery, balls in the storage
bin experience extrusion and random contact. Near the
limited discharge channel, multiple balls may form stack-
ing, bridging, or arching states among the bin wall, bottom
plate, and adjacent balls, resulting in uneven discharge
intervals, delivery interruption, or complete jamming.
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Fig. 2. Circuit design of the control system.

Mechanically, jamming can be regarded as a static equi-
librium state under gravity, normal support forces, and
friction. Let the gravity acting on the ith ball be G;, the
normal force be Njj, and the friction force be f,] The local
equilibrium can be approximated as

Gi+) Nij+) fii=0,  fij <uNy. )
j j

where p is the contact friction coefficient. Therefore, anti-
jamming design should reduce concentrated stacking and
disrupt stable force-equilibrium conditions among balls.

2.3.2. Multi-hole dispersed inlet and light-shielding structure de-
sign

To reduce local accumulation, a ball-diameter-matched
multi-hole inlet array is arranged at the top of the stor-
age bin. Let the ball diameter be D;, = 42 mm. This value
is determined by the actual experimental ball specification,
and the structural dimensions are selected around this di-
ameter to ensure that the storage and discharge process
remains consistent with the physical target. The inlet hole
diameter is designed as

Dy = Dy + ADy, @

where Dy, is the inlet hole diameter and Ad is the motion
clearance for smooth passage. The clearance is introduced
to tolerate manufacturing error, ball surface roughness, and
small pose deviations during entry; however, it should not
be excessively large, otherwise multiple balls may enter the
same local area at the same time and weaken the dispersion
effect. Compared with a single large opening, the multi-
hole inlet array disperses ball entry paths. If n inlet holes
are arranged, the average number of balls entering each
inlet region can be approximated as

o)

Q= P
where Q is the total ball input per unit time. Thus, the multi-

k=1,2,...,n. 3)

hole structure reduces instantaneous local concentration
and decreases the probability of stacking and bridging.
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This structure also works as a light shield for the
recognition area, reducing direct external light, highlights,
shadows, and background reflection. Together with the
adaptive CLAHE-LAB algorithm, it forms a collaborative
structural disturbance reduction and visual enhancement
scheme.

2.3.3. Inner-wall anti-bridging limiting rib design
Although the multi-hole inlet reduces concentrated entry,
stable bridges may still form above the discharge area.
Therefore, anti-bridging limiting ribs are arranged on the
inner wall to disturb the support state during the transition
from single-layer arrangement to double-layer stacking.
For balls with diameter Dj, when an upper ball is sup-
ported by two lower balls, its geometric center height H,
can be approximated as

Hy, = (1 + ‘f) Dy, (4)

Since D, < Hp < 2Dy, this interval corresponds to the
typical transition region from single-layer rolling to double-
layer stacking. Therefore, the limiting rib height is set as

I’ly S [Db/ Hz], (5)

where I, is the height from the storage-bin bottom to the
lower edge of the rib. Within this range, the rib changes
ball-wall contact positions and angles, disrupts stable bridg-
ing, and promotes ball movement toward the discharge
area. This height selection is therefore based on both the
ball diameter constraint and the geometric stacking rela-
tionship, rather than being chosen empirically. The anti-
jamming structure is shown in Fig. 3.

Fig. 3. Schematic diagram of the anti-jamming structure.

3. Adaptive clahe-lab feature fusion algorithm

3.1. Overall algorithm flow

To improve blue target recognition under complex illumina-
tion, this paper proposes an adaptive CLAHE-LAB spatial
feature fusion algorithm. Its adaptivity is mainly reflected
in two stages. In image enhancement, the CLAHE clip
limit is calculated from the mean and standard deviation

of the luminance channel to obtain the adaptive parame-
ter C,qp, so that the enhancement intensity changes with
illumination conditions. In target segmentation, the thresh-
old is determined from the statistical distribution of the
fused feature map to obtain T,4p,, improving segmentation
adaptability under different lighting conditions.

The robot system can recognize red, white, yellow,
green, and blue balls. This paper takes the blue ball as a
representative target because it is sensitive to illumination
variation in the experimental background and can clearly
reflect the robustness of the proposed feature-fusion strat-
egy. Recognition of other colors can be achieved by modi-
fying the corresponding color response feature while keep-
ing the image enhancement, adaptive thresholding, and
connected-component localization procedures unchanged.

The proposed algorithm first converts the RGB image
into LAB space to separate luminance and chromaticity
information, and then constructs the blue response fea-
ture from the b channel. The blue feature is enhanced
using adaptive CLAHE and fused with chromaticity and
luminance constraint features. Finally, adaptive threshold
segmentation, morphological processing, and connected-
component analysis are used to obtain the target center
coordinates. The flowchart of the proposed algorithm is
shown in Fig. 4.
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Fig. 4. Flowchart of the proposed algorithm.

3.2. LAB color-space conversion and blue response fea-
ture construction

Let the RGB image captured by the visual module be ex-
pressed as

Iree(x,y) = [R(x,¥),G(x,y), B(x,y)], (6)

where (x,y) denotes the image pixel coordinate, and
R(x,y), G(x,y), and B(x,y) denote the pixel values of the
red, green, and blue channels, respectively. Since color in-
formation and luminance information are strongly coupled
in the RGB color space, the pixel values of the three color
channels are simultaneously affected when environmen-
tal illumination changes, resulting in reduced stability of



Journal of Applied Science and Engineering 34 (2026) 26034039 5

fixed-threshold segmentation. To reduce the influence of
illumination variation on color recognition, the RGB image

is converted into the LAB color space:

ILas(x,y) = [L(x,y),a(x,y), b(x,y)], @)

where L denotes the luminance channel, a denotes the red-
green chromatic component, and b denotes the yellow-blue
chromatic component. For blue targets, the color feature
has an obvious response in the b channel. Therefore, this
paper constructs the blue response feature based on the b
channel.

For subsequent feature fusion, the b channel is first nor-
malized:

b (xr Yy ) — bmin

bmax — bmin + €’

B,(x,y) =1—bu(x,y),
®)

where by, and bmax denote the minimum and maximum

bn(x,y) =

values of the b channel, respectively, ¢ is a small constant
used to prevent division by zero, and B, denotes the blue
response feature map. Since blue regions usually show
low-value responses in the LAB b channel, the inverse nor-
malization form can highlight the blue target region and
assign higher response values to target pixels.

3.3. Adaptive CLAHE enhancement based on luminance
statistics

CLAHE can enhance local image contrast. However, tradi-
tional CLAHE usually adopts fixed parameters and lacks
adaptability under different illumination conditions. In
weak-light environments, insufficient enhancement may
lead to blurred target boundaries, while in strong-light or
reflective environments, excessive enhancement may am-
plify noise and highlight regions. Therefore, this paper
adaptively adjusts the CLAHE enhancement parameters
according to the luminance distribution of the image.

First, the mean and standard deviation of the luminance
channel L are calculated as

1 W H
‘HL = HW Z Z L(x’y)
x=1y=1

©)

1 W H 5
oL = mx;y; (L(x,y) — L)

where H and W denote the height and width of the image,
respectively, j1; denotes the average image luminance, and
or denotes the dispersion degree of the luminance distribu-
tion. When strong light, reflection, or shadows exist in the
image, luminance variation is large and o7 is usually large.
When the luminance distribution is relatively smooth, o7 is
small. Therefore, 07 can be used to describe the luminance
fluctuation of the current image.

To constrain the luminance fluctuation degree within a
unified range, a normalized luminance fluctuation coeffi-
cient is introduced:

__ "%
up+e

L (10)
According to the luminance statistical characteristics, the
CLAHE clip limit parameter is designed in an adaptive
form:

Cadp = Cax — (Cmax - Cmin)ﬂLx (11)

where C,qp, is the adaptive CLAHE clip limit parameter,
and Cpjn and Chax denote the minimum and maximum
values of the clip limit parameter, respectively. It can be
seen from the above formula that C,q), is no longer a fixed
value, but is automatically determined by the luminance
fluctuation coefficient 7, of the current image. When the
luminance fluctuation is small, 77, is small and Coqp ap-
proaches Cmay, so the enhancement intensity is relatively
large, which is beneficial for improving the difference be-
tween the blue target and the background under weak-
contrast conditions. When the luminance fluctuation is
large, 77, is large and C,q, approaches Cin, so the enhance-
ment intensity is reduced, thereby decreasing the risk of
over-enhancing local strong-light, reflection, and shadow
regions. Applying adaptive CLAHE enhancement to the
blue response feature map B, yields the enhanced blue
feature map:

Be = CLAHE(B;, C,qp), (12)

where B, denotes the blue response feature after local con-
trast enhancement. This step can enhance the local dif-
ference between the blue ball and the background and
improve the separability of target edges under weak-light
and shadow conditions.

3.4. Multi-feature fusion model

When segmentation depends only on a single b channel
or blue response feature, it is easily affected by reflection,
highlight regions, and background noise. To further im-
prove the stability of target recognition, this paper fuses
the enhanced blue feature, chromaticity feature, and lu-
minance constraint feature to construct a comprehensive
feature map.

The enhanced blue feature is used to highlight the blue
target region, the chromaticity feature is used to describe
the color intensity of pixels in the LAB space, and the lumi-
nance constraint term is used to suppress false detections
caused by local strong light and reflection. To eliminate
dimensional differences among different features, all fea-
tures are normalized before fusion. The fused feature map
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is defined as

F(x,y) = aB; (x,y) + pC" (x,y) + 7 [1 = L"(x,y)],

(13)
where B} denotes the normalized enhanced blue feature,
C" denotes the normalized LAB chromaticity feature, L" de-
notes the normalized luminance feature, and «, B, and vy are
the corresponding feature weight coefficients. Through this
fusion strategy, the algorithm can highlight the blue target
region while suppressing the influence of local highlights
and background interference on segmentation results.

The selection of the weight coefficients follows the prin-
ciple of balancing target enhancement and interference
suppression. The enhanced blue feature is assigned to de-
scribe the main target response, the chromaticity feature
provides auxiliary color discrimination, and the luminance
constraint is used to reduce false responses caused by high-
lights and reflections. In implementation, the coefficients
are adjusted under the constraint « + p + ¢ = 1 accord-
ing to preliminary image observations, so that the fused
feature map preserves the target boundary while avoiding
excessive response in non-target bright regions.

3.5. Adaptive threshold segmentation and morphological
processing

After the fused feature map F is obtained, binary segmen-
tation is further required. Since a fixed threshold has poor
adaptability under different illumination conditions, this
paper adopts an adaptive threshold method based on the
statistical information of the fused feature map. Let the
mean and standard deviation of the fused feature map be
ur and or, respectively. The adaptive threshold segmenta-
tion can be expressed as

1, F(x/]/) 2 Tadp/

0, F(x/ y) < Tadp/
(14)
where T,qp, is the segmentation threshold, k is the threshold

Tadp =MUr+ kor, MO(x/y) =

adjustment coefficient, and M) is the initial binary segmen-
tation result. Since the initial segmentation result may
contain small-area noise, broken edges, or holes inside the
target region, morphological opening and closing opera-
tions are further used for post-processing. Opening is used
to remove small-area noise, while closing is used to connect
broken edges and fill holes inside the target region. After
morphological processing, a more complete and stable tar-
get region can be obtained.

3.6. Connected-component filtering and target center lo-
calization

After the binary segmentation result is obtained, a small

number of false background regions may still exist. To

a+ B+

remove invalid regions, connected-component analysis is
gerlf,ormed on the binary image, and the connected region
with a relatively large area and a shape consistent with
ball features is selected as the target region. Then, image
moments are used to calculate the target center coordinates:

mi0 mp1
Xe = —, yC - (15)
Mmoo Mmoo

where mqg, mqg, and mgy; denote the zero-order and first-
order moments of the target binary region, respectively,
and (x¢, yc) denotes the center position of the blue ball in
the image coordinate system. This coordinate can be used
as the visual input for target judgment, delivery timing
determination, and actuator control in the robot control
module. The visualization of the recognition process is
shown in Fig. 5.

Fig. 5. Visualization of the blue target recognition process.

4. Experimental results and analysis

4.1. Experimental platform and settings

To verify the effectiveness of the proposed structure and al-
gorithm, a robot intelligent delivery experimental platform
was built, as shown in Fig. 1. The experimental objects
were balls with a diameter of 42 mm, and the storage bin
could hold up to 10 balls in a single round. The visual
algorithm collected images under different illumination
conditions for recognition, and the recognition results were
used for robot delivery control. The experiments mainly
evaluated color recognition performance, the effectiveness
of the anti-jamming structure, and the continuous delivery
success rate. Obstacle avoidance and other functions were
also tested.

4.2. Comparative color recognition experiments under

different illumination conditions

To analyze the adaptability of the proposed algorithm to
complex illumination, normal-light, weak-light, and strong-
light experimental scenarios were set up. The experiments
mainly focused on target-region integrity, background false
segmentation, and center localization stability. If the pro-
posed algorithm can still maintain high F1-score and IoU
under weak-light and non-uniform illumination conditions,
and its Precision and Recall are better than those of other
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algorithms, it can be indicated that the CLAHE-LAB fea-
ture fusion strategy has good robustness to illumination
changes. According to the data in Table ??, the proposed
algorithm outperforms the other algorithms under differ-
ent illumination conditions, which further demonstrates its
robustness to illumination variation.

During actual robot operation, external illumination is
easily affected by venue lighting, shadow occlusion, and re-
flection from the ball surface. To improve the illumination
stability of the visual acquisition area, a light shield and an
auxiliary light source were installed in the robot recogni-
tion area. Under this practical supplementary-illumination
condition, different color recognition algorithms were com-
pared, further verifying the recognition stability and engi-
neering applicability of the proposed algorithm.

4.3. Jamming test description and multi-color applicabil-
ity
To further evaluate the structural reliability of the delivery
mechanism, jamming tests were carried out under different
operating conditions, including different numbers of balls
in the storage bin, repeated continuous delivery cycles, and
varying ball entry states. These conditions were selected
because ball-bin jamming is strongly related to local ac-
cumulation, random contact, and bridge formation near
the discharge channel. During the tests, the multi-hole in-
let dispersed the ball entry positions, while the inner-wall
limiting ribs disturbed the local support state above the
discharge area. Compared with a concentrated inlet form,
the proposed structure reduced the probability of stable
stacking and helped maintain a more continuous discharge
process.

For multi-color target recognition, the proposed frame-
work does not depend on a fixed RGB threshold. The
blue target experiment is used as a representative case to
verify the effectiveness of luminance-chromaticity separa-
tion, adaptive enhancement, and feature fusion. For red,
yellow, green, and white targets, the corresponding color
response feature can be reconstructed from the LAB chro-
matic channels or combined color saliency terms, while the
subsequent adaptive thresholding, morphological process-
ing, connected-component filtering, and center localization
steps remain the same. Therefore, the method has potential
extensibility for multi-color delivery tasks without chang-
ing the overall control process.

5. Conclusion

This paper proposes a robot intelligent delivery scheme
combining structural constraints and visual enhancement
to improve color recognition stability and reduce ball-bin

jamming during continuous multi-ball delivery. A pas-
sive anti-jamming storage structure is designed using a top
light shield, multi-hole dispersed inlet array, and inner-wall
limiting ribs to reduce illumination interference, local ac-
cumulation, and multi-ball bridging. Meanwhile, an adap-
tive CLAHE-LAB spatial feature fusion algorithm is devel-
oped to enhance blue target segmentation under complex
illumination by combining luminance-chromaticity separa-
tion, local contrast enhancement, and color saliency fusion.
Experimental results show that the proposed method im-
proves recognition robustness and continuous delivery reli-
ability. Future work will focus on three aspects: optimizing
adaptive parameter selection through larger illumination
datasets, extending the color response model to multi-color
recognition, and integrating path planning with dynamic
delivery control to improve the overall task capability of
the robot in more complex environments.
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