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Abstract: Current machine learning methods only utilize the three-channel color features

of optical images for computer visual tasks. However, the optical images only explicitly

present information of RGB color and two-dimensional planar shape, where the third-

dimensional spatial features are not fully exploited. This limitation restricts the potential

improvement in recognition performance. To address this issue, we propose a detection

scheme to enhance model’s detection capabilities based on four independent features by

combining the pseudo-depth and the RGB features without adding any additional hardware

sensors. The monocular depth estimation model is first used as a virtual depth sensor

to extract the pseudo-depth features from input optical images. Then the fused Depth-

RGB features are fed into the neural network model for object detection training and

inference to enhance capability for extracting spatial features. Experiments show that the

proposed method has improved the detection metric mAP50 by 3.8 and 8.0 percentage

points on the public M3FD and COCO datasets, respectively. Notably, the scheme can

be easily embedded into any machine learning models to definitely improve the detection

performance.
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Monocular depth estimation
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1 Introduction

Object detection serves as a core task in the field of computer vision, with extensive appli-

cations including autonomous driving, security surveillance, and scene analysis. Tradition-

ally, these methods depend solely on RGB images to identify and locate targets, ignoring

three-dimensional (3D) depth information. As a result, they only perform feature extrac-

tion and detection based on visible-light images. Over time, research has evolved into

two mainstream directions: convolutional neural network (CNN)-based models and vision

Transformer (ViT)-based models.

CNN-based detection frameworks are known for their efficiency in feature extraction

while maintaining low computational requirements [1–4]. For example, YOLO [5] predicts

multiple bounding boxes and class labels in a single forward pass of the network. Unlike

anchor-based methods, CenterNet [6] utilizes keypoint detection, resulting in a simpler and

more streamlined process. Vision Transformer (ViT)-based networks, on the other hand,

use an encoder-decoder architecture to capture global context. It allows for better modeling

of long-range dependencies, though at the expense of increased computational demands [7–

13]. Among these, the DETR [14] eliminates many traditional pre- and post-processing

steps by directly matching predictions to ground-truth labels using bipartite matching.

Building on this, RT-DETR [15] designs a hybrid encoder to accelerate the inference speed

via intra-scale and cross-scale feature interactions. It also adopts an uncertainty-minimized

query selection mechanism to generate high-quality initial queries, which further improve

the detection accuracy.

The detection methods discussed so far rely solely on two-dimensional (2D) RGB im-

ages for prediction. While these approaches have demonstrated promising results, they
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have notable limitations. RGB images provide detailed color and texture information of

the target, but they lack explicit 3D spatial details [16]. As the key information of the third

dimension, depth information offers crucial spatial and temporal cues that can significantly

enhance object detection and recognition [17–19]. Without this data, the perceptual ca-

pabilities of deep networks remain restricted. To overcome this challenge, recent research

has incorporated depth data to supplement spatial and structural information, leading to

improved detection accuracy.

Researchers have explored multi-modal fusion between RGB and depth. Specifically,

DMRANet [20] utilizes residual connections to process 3D camera data, combining and fus-

ing features from both RGB and depth streams at multiple levels. This approach enhances

the complementary use of these two modalities. DETR3D [21] adapts the Transformer-

based detection framework from 2D to 3D, enabling the detection of objects from multiple

views in three-dimensional space. The PETR framework [22] performs direct 3D detec-

tion using multi-view images. It first divides the camera’s field of view into shared grid

coordinates, then encodes these grid coordinates into 3D space and integrates them with

image feature information, thereby improving the model’s spatial understanding ability.

RadarPillars [23] introduces a pillar-based detection network, that efficiently extracts fea-

tures from radar point clouds by decomposing radial velocity data, enabling high-speed

object detection. Beyond depth information, many studies have demonstrated that incor-

porating additional features can further enhance detection performance. For example, in

remote sensing applications, combining infrared and hyperspectral data has proven effec-

tive in boosting detection accuracy [24–28]. Meanwhile, multi-scale fusion for multimodal

data also contributes to improving the performance of object detection[29–31].

Currently, 3D data are mainly obtained through methods such as structured light,

LiDAR, and stereo vision systems [32–37]. However, these data often require additional

processing, such as registration, before they can be effectively used in detection tasks. Al-

though these multi-sensor methods effectively utilize 3D spatial features, they often face

practical challenges such as high hardware costs, complex calibration procedures, limited

sensor resolution, and increased technical complexity. These issues hinder their widespread

deployment, especially in real-world scenarios where environmental conditions and budget

constraints make multi-sensor systems impractical. To address these limitations, this work

explores the possibility of incorporating depth information using only monocular RGB im-

ages. We propose a dedicated data preprocessing pipeline that generates pseudo-depth

maps through monocular depth estimation model without needing additional distance sen-

sor. This approach leverages the ability of monocular depth estimation to predict dense,

reliable depth maps directly from RGB images, providing a practical and efficient founda-

tion for enhancing object detection without relying on multiple sensors [38–40].

We design a dual-branch network architecture to evaluate the effectiveness of the pro-

posed method. Our approach begins by generating high-quality pseudo-depth maps from

RGB images using a monocular depth estimation network [41–46]. The pseudo-depth maps,

alongside the original RGB images, are fed into the dual-branch architecture consisting of

two identical backbone. The feature maps produced by both branches are then concate-

nated and fused, allowing the model to learn combined information of the optical appear-
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ance and the pseudo-depth.

The proposed approach removes the requirement for additional depth sensors such

as 3D cameras or LiDAR, thereby significantly lowering deployment costs and reducing

technical complexity. By relying solely on monocular RGB images, our method utilizes both

visual and pseudo-depth cues, offering a simple and cost-effective preprocessing pipeline

that is easy to extend. Experiments on the M3FD [47] and COCO [48] datasets show that

incorporating pseudo-depth features improves detection accuracy compared to traditional

RGB-based methods. Additionally, the model maintains a relatively simple architecture,

making it straightforward to integrate into various network frameworks.

The main contributions of this paper are as follows:

1. We introduce a novel data preprocessing approach to enhance objection features that

leverages pseudo-depth estimation from original RGB input images. The method has

improved scene understanding capability and detection accuracy without additional

sensors, making it low-cost and easy to implement;

2. We design a dual-branch feature fusion network that employs multi-scale concatena-

tion and fusion strategies, which effectively reduces feature redundancies and facili-

tates the integration of pseudo-depth information and optical features;

3. Through extensive experiments on the M3FD and COCO datasets, we demonstrate

that incorporating pseudo-depth features can significantly improve object detection

performance across multiple complex scenarios.

The rest of this work is organized as follows. Section 2 describes the proposed pseudo-

depth-based data preprocessing method and the design of the feature fusion network. Sec-

tion 3 details the experimental results and provides an analysis of their implications. Fi-

nally, Section 4 summarizes the conclusions of the study.

2 Method

This section introduces a data preprocessing approach that combines pseudo-depth infor-

mation with monocular RGB images to enhance object detection accuracy. The section

elaborates on the fusion strategy, overall framework, and key technical details of the pro-

posed method. To evaluate its effectiveness, YOLO11n is used as the baseline model.

2.1 Extraction of spatial pseudo-depth features

Spatial depth information provides critical cues for object detection, particularly in sce-

narios involving occlusion, varying illumination, and cluttered backgrounds. As shown in

Fig. 1, pseudo-depth maps can highlight object contours in low-light environments. Tra-

ditional methods for measuring depth include active sensors such as LiDAR and stereo

camera systems. These distance sensors can deliver high-precision three-dimensional spa-

tial data. However, the high costs, large physical sizes, and susceptibility to adverse envi-

ronmental conditions have limited their widespread use in practical problems [49–52]. To

address these limitations, we adopt a monocular depth estimation approach which infers
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Fig. 1: Example images from the M3FD (left three columns) and COCO(right two
columns) dataset. From top to bottom, the rows show the original RGB images, pseudo-
depth maps generated by the monocular depth estimation (MDE) model, and their pseudo-
color renderings, respectively.

the pseudo-depth information from only the corresponding RGB images. It allows us to

model scene geometry without additional hardware.

Here we use the Depth Anything V2 [53], an excellent monocular depth estimation

model to validate our proposed method, whose network architecture is shown in Fig. 2. This

model uses a two-stage training process. It first pre-trains on synthetic data to obtain the

Teacher Model which then produces large-scale pseudo-annotated real images [54]. After

being trained on these pseudo-annotated images, the model behaves quite well in complex

environments. The model is also able to accurately detect details such as transparent

objects and thin structures. Its performance on standard benchmarks is shown in Tab. I.

Teacher
Model

purely synthetic images

Student
Model

pseudo labels

unlabeled real images

pseudo-labeled real images

train Teacher Model train

Fig. 2: The overall architecture of Depth Anything V2 [53].
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The dense and continuous pseudo-depth maps produced by Depth Anything V2 contain

pixel-level relative depth information. These maps complement the features of RGB images

and improve scene understanding and object localization.

Tab. I: Zero-shot relative depth estimation for Depth Anything V2 [53], where the δ1

metric representes proportion of pixel points with max( d̂d ,
d
d̂
) < 1.25.

Model KITTI NYU-D Sintel ETH3D DIODE

AbsRel 0.074 0.045 0.487 0.131 0.066

δ1 0.946 0.979 0.752 0.865 0.952

2.2 Fusion of pseudo-depth and RGB features

To effectively leverage the complementary information from RGB images and pseudo-depth

maps, this work employs a fusion strategy that utilizes parallel feature extraction net-

works [55, 56]. Fusion methods are typically classified into early, middle, and late fusion

based on the stage at which they combine features. Early fusion techniques, such as Cross-

Fuse [57] and DIVFusion [58], merge raw data or low-level features directly, often leading

to high computational costs and limited ability to capture modality-specific details. Con-

versely, late fusion [59] approaches integrate high-level features or detection outputs, but

they limit cross-modal interaction and collaboration.

Middle fusion offers a balance by integrating semantic information at intermediate

feature levels. This approach preserves modality-specific characteristics while enabling

effective cross-modal interaction [60–63]. For example, Transformer-guided cross-modal

fusion (CMF) [64] can learn long-range dependencies, supporting both intra-modal and

inter-modal feature integration. Similarly, MBNet [65] employs modality-aware modules

and feature alignment to enhance complementarity and reduce discrepancies during fu-

sion. Considering these advantages, this work adopts a middle fusion strategy. The overall

framework is shown in Fig. 3, where the feature maps of the RGB branch frgb and the

pseudo-depth one fdepth are concatenated to produce the fused feature map f .

2.3 Experimental architecture

The foundation of the system is built on the YOLO11n detection framework [66] for feature

fusion. In YOLO11, The backbone network extracts features at multiple scales, capturing

both semantic and spatial information. It consists of convolutional and fusion modules,

incorporating multi-scale pooling and attention mechanisms. This backbone produces three

key feature maps, labeled f (3), f (4), and f (5), each with different strides. In the neck

network, bidirectional feature fusion combines high-level and low-level spatial features.

This facilitates effective multi-scale object detection. The network outputs three fused

feature maps, f̂ (3), f̂ (4), and f̂ (5). Finally, the detection head converts these fused maps

into detection results, providing the final predictions.

The input to the proposed framework includes both RGB images and pseudo-depth

maps generated from the original RGB ones through monocular depth estimation model.

– 5 –

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Object 
detection 
network

RGB

RGB

Depth

MDE

Concat

����

�����ℎ

Feature 
Fusion

�

� = ���� ∥ �����ℎ

Fig. 3: The overall structure of the experimental network is as follows. An RGB image
is used to generate a pseudo-depth map via the MDE, which is then fed into the network
through a dual-branch structure for feature fusion.

C

C

C

Backbone

Neck Head

C

C

TopDown C BottomUp

C BottomUp

TopDown

Detect

Detect

Detect

Stem Layer

Stage Layer

UpSample

DownSample

����
1

����
5

����
2

����
3

����
4

��
1

��
5

��
2

��
3

��
4

��
4

��
3

��
5

�1 = 640 × 640 × 3
�2 = 320 × 320 × 64
�3 = 160 × 160 × 128
�4 = 80 × 80 × 256
�5 = 40 × 40 × 512

Fig. 4: The network structure. The RGB and pseudo-depth features are concatenated
at the f (3), f (4), and f (5) layer. Then the features are fused at multiple scales in the
neck network. The three produced detection-scale features are finally used as input to the
detection module.

To enable effective feature fusion, the framework incorporates two core modules, namely, a

dual-branch feature extraction module and a mid-level feature fusion module. The overall

architecture is shown in Fig. 4.

The experimental framework features a dual-branch structure that processes RGB and

pseudo-depth images separately. Each input is passed through an independent backbone

network, designed similarly to the original YOLO11 backbone, to extract multi-layer fea-

tures. The feature maps of layers f (3), f (4), and f (5) are concatenated to form fused feature
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maps, labeled as f
(3)
c , f

(4)
c , and f

(5)
c . The concatenation operation is formally defined as

f (n)
c = f

(n)
rgb ∥ f

(n)
depth, (2.1)

where n = 3, 4, 5 and fn denotes the n-th feature layer.

These fused features undergo multi-scale processing in the detection head, which fol-

lows the same structure as the original YOLO11 head. For example, the output of the f
(3)
c

layer after passing through the detection head is denoted as F head
f (3) . The fusion formulation

for F head
f (3) is expressed as

F ∗
f (4) = f (4)

c ⊕ gUpsample(f (5)
c , 2), (2.2)

F ∗
f (3) = f (3)

c ⊕ gUpsample
(
gfusion(F ∗

f (4) , 512), 2
)
, (2.3)

F head
f (3) = gfusion(F ∗

f (3) , 256), (2.4)

where gUpsample(f, s) denotes upsampling f by a scale factor of s; gfusion(f, s) denotes com-

pressing f to the target dimension s using the fusion module in YOLO11; F head represents

the output of features at the corresponding scale in the head. The fused features at three

scales are then fed into YOLO11’s detection module to produce the final detection results.

Meanwhile, we performed similar modifications on YOLOv8 and RT-DETR by fusing their

f (3), f (4), and f (5) feature layers. As illustrated in Fig. 4, the input feature dimensions

of the five feature layers are annotated in the bottom-right corner of the figure. The red-

highlighted sections (backbone and neck) represent operations that differ from the standard

YOLO11n design in our setup. The remaining components, shown in blue, maintain the

same structure as YOLO11n.

The loss function in YOLO11 comprises three components [66, 67]: the object classifi-

cation loss (Losscls), the localization loss (Lossloc), and the distribution focal loss (Lossdfl).

The classification loss is used to control the correct class label for each object. It is com-

puted by using the Binary Cross-Entropy (BCE) [68]. The localization loss evaluates the

difference between the predicted bounding box and the actual bounding box. The local-

ization loss consists of two parts, the center point coordinate loss and the width-height

parameter loss. The former one evaluates the squared Euclidean distance between the

predicted and ground-truth center coordinates of the bounding box,

Losscenter =
∑

(x̃i − xi)
2 + (ỹi − yi)

2, (2.5)

while the latter one evaluates the difference between the predicted and the actual width-

height parameters,

Lossw−h =
∑(√

wi −
√
w̃i

)2
+

(√
hi −

√
h̃i

)2

, (2.6)

where the tilde variables denote the predicted ones. The distribution focal loss is introduced

to address the issue of class imbalance in object detection and to improve the performance
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in dealing with small targets and difficult samples [69]. Formally, Lossdfl is defined as

Lossdfl(Pi, Pi+1) = − [(yi+1 − y) log(Pi) + (y − yi) log(Pi+1)] , (2.7)

where

Pi =
yi+1 − y

yi+1 − yi
, Pi+1 =

y−yi
yi+1 − yi

, (2.8)

where i denotes the index of the discrete coordinate points; y denotes the ground-truth

location value; yi and yi+1 are two consecutive discrete points closest to y. The total loss

is computed as a weighted sum of the three components:

Losstotal = λclsLosscls + λlocLossloc + λdflLossdfl, (2.9)

where λcls, λloc, and λdfl are balance weights that control the contributions of the classifi-

cation loss, localization loss, and distribution focal loss, respectively. These three weight

parameters are set to the standard values used in the YOLO11 framework.

The combined loss function provides multi-level supervision. It helps reduce class

imbalance and improves detection accuracy, especially in complex environments.

3 Experiments

We conducted experiments on COCO and M3FD datasets to validate the effectiveness of

our proposed method. We compared the performance of the RGB-only detection and our

pseudo-depth fusion methods. The results show that the proposed scheme can significantly

improve the detection performance on both datasets. The proposed method also remains

stable across different training iterations.

3.1 Experimental settings

In this work, we evaluate the effectiveness of the proposed algorithm using the datasets

M3FD and COCO. The M3FD data is a multi-modal dataset comprising synchronized

thermal infrared and visible light RGB images captured via binocular optical systems and

infrared sensors. This dataset emphasizes multi-modal features across various complex

scenarios and different pixel variations. The images are resolved at 1024 × 768 pixels.

Annotations cover six categories, ‘Person’, ‘Car’, ‘Bus’, ‘Motorcycle’, ‘Lamp’, ‘Truck’. The

dataset is split such that 80% of the images are randomly selected for training and the

remaining 20% for testing. COCO is a large dataset for object detection. It contains

images from natural and complex daily scenes. COCO dataset includes 328,000 images

and 2.5 million annotated instances. The annotations cover 80 object categories, such as

‘Car’, ‘Bottle’, and ‘Cat’. For the experiments, 20,000 images were randomly sampled as

the training set and 2,000 ones were used as the test set.

To quantitatively evaluate the performance of the proposed method, here we em-

ploy the detection metrics F1-score, mAP50 (mean Average Precision at IoU=0.50) and
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mAP50:95 (mean Average Precision over IoU thresholds from 0.50 to 0.95) [70]. The F1-

score is defined as

F1 =
2PR

P +R
, (3.1)

which comprehensively considers both precision (P ) and recall (R) with the same weight.

In our experiments, the F1-score is denotes the mean F1-score across all categories. IoU

measures the degree of overlap between a single predicted bounding box and a single

ground-truth box. For the prediction box A and ground truth box B, the IoU is defined as

IoU =
A ∩B

A ∪B
. (3.2)

The metric Average Precision (AP) denotes the area under the precision-recall curve for

each class. In practice AP is the precision averaged across all recall values between 0 and

1. For the ith category,

APi =

∫ 1

0
Pi(Ri) dRi =

n∑
k=0

Pi(k)∆Ri(k), (3.3)

and the Mean Average Precision (mAP) denotes the mean of AP across all C classes,

mAP =
1

C

C∑
i=1

APi. (3.4)

The experiments are performed on a workstation equipped with an NVIDIA Tesla

P40 GPU, utilizing the PyTorch 1.12 framework. All input images are resized to 640×640

pixels using the letterbox method [71]. The model training employs the Stochastic Gradient

Descent (SGD) [72] optimizer with a batch size of 16. The first 3 epochs serve as warm-up

with an initial learning rate of 0.005, followed by linear decay to a minimum of 5 × 10−5.

Data augmentation techniques such as Mosaic [73] and MixUp [74] are employed to improve

generalization and robustness.

3.2 Comparison and discussion of the experiment results

This study uses YOLO11n as the baseline model to assess the effectiveness of the proposed

approach. For comparison, the classic YOLOv8-n and RT-DETR models are also employed

to evaluate the generalization capabilities of the proposed method. All training procedures

are conducted from scratch with no pre-trained weights used. We compare the performance

of the model when using only RGB images against the performance when fusing pseudo-

depth information. The results, obtained on COCO and M3FD datasets, are summarized

in Tab. II.

The results indicate that incorporating pseudo-depth features significantly enhances

the model’s detection performance on both the M3FD and COCO datasets. Specifically, in

the YOLO11n based experiments, mAP50 metric can improve 3.8 and 8.0 percentage points
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Tab. II: Comparison of our proposed scheme on the YOLO11n, the YOLOv8-n and the
RT-DETR detection models on the COCO and the M3FD data.

Data Model Method Paras(M) Flops(G) mAP50(%) mAP50:95(%) F1(%)

M3FD

YOLO11n
RGB 2.6 6.3 73.7 47.8 73.1

RGB-pD 3.8 9.3 (+3.8)77.5 (+3.2)51.0 75.7

YOLOv8-n
RGB 3.0 8.1 77.4 50.7 86.5

RGB-pD 4.4 11.3 (+2.5)79.9 (+2.3)53.0 78.7

RT-DETR
RGB 41.9 125.7 82.5 53.9 79.3

RGB-pD 66.3 194.0 (+1.3)83.8 (+1.5)55.4 81.8

COCO

YOLO11n
RGB 2.6 6.5 41.8 28.6 43.3

RGB-pD 3.8 9.5 (+8.0)49.8 (+7.1)35.7 50.9

YOLOv8-n
RGB 3.2 8.8 41.3 28.0 42.5

RGB-pD 4.5 12.0 (+8.0)49.3 (+7.2)35.2 50.1

RT-DETR
RGB 42.1 126.0 37.7 24.6 42.5

RGB-pD 66.5 194.4 (+8.5)46.2 (+7.8)32.4 49.3

on the M3FD and COCO dataset, respectively. As shown in the table, similar performance

gains are also observed in experiments using YOLOv8 and RT-DETR frameworks.

Tab. III and Tab. IV show the category-specific detection results for the YOLO11n-

based experiments on M3FD and COCO datasets, respectively. The rows present AP50

and AP50:95 scores for each category on the M3FD dataset; while six randomly chosen

categories are shown for COCO dataset. Across all categories, the model incorporating

pseudo-depth can consistently outperform the original one.

Tab. III: Category-specific detection results on M3FD.

Class People Car Lamp Bus Motorcycle Truck

AP50(%)
RGB 64.1 88.1 85.9 71.8 56.7 75.7

RGB-pD 67.5 89.9 87.4 74.0 63.7 82.5

AP50:95(%)
RGB 33.9 63.6 68.1 36.1 33.2 52.2

RGB-pD 36.2 65.4 71.9 39.0 35.7 58.1

Tab. IV: Category-specific detection results on COCO.

Class Person Airplane Motorcycle Fire Hydrant Bear Toilet

AP50(%)
RGB 68.2 71.3 47.6 61.7 62.3 61.2

RGB-pD 71.8 80.3 59.8 69.7 86.9 72.6

AP50:95(%)
RGB 44.8 52.5 29.5 50.0 51.3 50.9

RGB-pD 49.3 57.2 36.8 59.5 65.9 60.8

In the first two rows of Fig. 5, we show the predicted results without and with fusing

the pseudo-depth feature. Integrating pseudo-depth information helps the model define
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Fig. 5: Visualization of the experimental results. The first two rows show the predicted
results by the RGB-only features and the RGB fused with pseudo-depth features. The last
two rows present the ground-truth annotations on the pseudo-depth images and the RGB
images, respectively. The columns (a) and (b) show results on the M3FD dataset, whereas
(c) and (d) show results on the COCO data.

object boundaries more clearly. It also reduces background noise, which decreases missed

detections. This is especially noticeable in low-light or cluttered scenes. For example, in

the M3FD sample (Fig. 5 a), the RGB-only model missed a lamp in the upper middle part

of the image because of low lighting at night. However, the pseudo-depth map clearly

shows the lamp’s contours. The detector that uses pseudo-depth can accurately identify

the target, even when it blends into the background. This improvement comes from the

pseudo-depth map’s ability to enhance object edges. Depth-guided cues help distinguish

targets from noisy backgrounds, thus improving localization and detection reliability. It is

important to note that adding pseudo-depth processing increases the computational load

by approximately 46%. Despite this, the significant performance gains show that this

trade-off is acceptable for practical applications.

Fig. 6 shows the changes in mAP50 and mAP50:95 during training on YOLO11n based

model. Even at the early stages, incorporating pseudo-depth information significantly

improves the detection performance. This benefit continues as the training progresses. The

results demonstrate that the proposed method is effective and can produce performance

gains even with limited training time. The performance difference between the two datasets
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Fig. 6: The metrics mAP50 and mAP50:90 versus the training epochs on the datasets
M3FD and COCO. The red solid (blue hollow) circle denotes the results based on the
RGB-pD (RGB-only) features.

is likely related to their scene characteristics. The COCO dataset contains many indoor and

close-range images. In these scenes, depth estimation tends to be more accurate. This leads

to a higher quality of pseudo-depth features and larger gains in detection performance. In

contrast, the M3FD dataset includes more outdoor scenes. Factors such as changing lighting

conditions and long-distance targets make accurate depth estimation more difficult. As a

result, the overall benefit of pseudo-depth fusion is limited.

Tab. V: Inference Efficiency of Different Models.

Model Method Latency(s, ×10−4) FPSbs=1

YOLO11n
RGB 102.5± 16.0 97.6

RGB-pD 152.4± 27.1 65.6

YOLOv8-n
RGB 75.0± 12.6 133.4

RGB-pD 104.3± 3.8 95.8

RT-DETR
RGB 262.1± 15.5 38.2

RGB-pD 351.3± 43.4 28.5

Tab. V shows the inference efficiency of several models. All experiments are conducted

on an NVIDIA GeForce RTX 3090 GPU, with a batch size of 1, and the results are cal-

culated based on 1000 test runs. The table indicates that the model with pseudo-depth

integration experiences a reduction in inference efficiency compared to the original model.

This decline is primarily due to the increased number of parameters resulting from the

added branch, reflecting a trade-off between enhanced feature representation and compu-

tational speed.

3.3 Visualization interpretation and ablation experiments

GradCAM is employed to visualize the prediction effects of the network. Fig. 7 illustrates

the GradCAM visualization results. Specifically, the first column shows the original images
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with manual bounding boxes, and the second column presents the corresponding pseudo-

depth maps of the original images. The third and fourth columns display the visualization

heatmaps of the detection heads for the original YOLO11 and the YOLO11 integrated with

pseudo-depth information, respectively. The last column shows the visualization heatmaps

of the f
(3)
c , f

(4)
c , and f

(5)
c feature layers. It can be observed that after introducing the

depth maps, the attention of the fusion layer is more concentrated on the boundaries of

objects with obvious foreground-background relationships. Meanwhile, the attention of the

detection head is accordingly focused on these regions, which improves the performance of

object detection to a certain extent.

RGB Pseudo-Depth YOLO11-RGB-pred YOLO11-RGBD-pred YOLO11-RGBD

Fig. 7: The GradCAM visualization of the two models on COCO dataset.

Since the comparison of RGB and RGB-pD already behaves like an ablation study, we

design the ablation study by replacing the pseudo-depth maps by grayscale maps derived

from the original RGB images to evaluate the effectiveness of the proposed module. Tab. VI

shows the ablation experimental results based on the YOLO11 framework.

Tab. VI: Ablation experiments of YOLO11 based framework on M3FD and COCO
datasets.

Dataset Method mAP50(%) mAP50:95(%)

M3FD

RGB 73.7 47.8

RGB-pD (+3.8)77.5 (+3.2)51.0

RGB-gray (+3.6)77.3 (+3.1)50.9

COCO

RGB 41.8 28.6

RGB-pD (+8)49.8 (+7.1)35.7

RGB-gray (+1.2)43.0 (+1.0)29.6

Results on COCO dataset confirm the validity of this ablation study. Compared with

the RGB-gray model, the RGB-pD model achieves a 6.8 improvement in mAP50, which

indicates that introducing pseudo-depth information significantly boosts detection perfor-

mance. On M3FD dataset, the ablation study reveals only a modest performance difference

– 13 –

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



between the proposed RGB-pD model and the RGB-gray model. This similarity in results

may be due to the nature of the M3FD dataset. The M3FD dataset primarily features

road scenes with relatively uniform but distant object characteristics. In these conditions,

the obtained gray maps are much more similar with the pseudo-depth ones. The addi-

tional pseudo-depth information thus provides limited complementary benefit, resulting

in a minor performance gap. The improvements on the COCO dataset demonstrate that

the proposed module can substantially enhance detection performance in more diverse and

complex data scenarios, providing strong evidence of its value for model optimization.

Meanwhile, we also observe that converting RGB images to grayscale before inputting

them into the network leads to a noticeable improvement in detection performance. This

improvement likely arises because grayscale input reduces the model’s reliance on color

information, encouraging it to instead learn structural features such as edges and textures.

Such features generally exhibit stronger generalization ability than color cues.

The experimental results confirm that the proposed pseudo-depth fusion method sig-

nificantly enhances the performance of object detection models, particularly in scenarios

where accurate depth estimation can be achieved. Moreover, the integration of pseudo-

depth features offers several distinct advantages:

1. Enhance the perception of object boundaries and contours, reduce missed detections,

and improves bounding box regression accuracy;

2. Boost the model robustness under challenging conditions such as low illumination

and object occlusion;

3. Provide a low-cost, low-complexity scheme for integrating depth information, which

is easy to implement and deploy.

4 Summary and outlook

This work introduces a data preprocessing approach to improve RGB-based visual object

detection based on estimated depth information. Unlike costly and complex real depth

sensors, the method generates pseudo-depth maps from original RGB input images. We

employ a dual-branch feature fusion strategy to concurrently extract and combine high-

level features from both RGB and pseudo-depth inputs. Several comparative experimental

results on the COCO and the M3FD datasets confirm that the proposed scheme can con-

sistently improve detection accuracy and robustness across multiple scenarios. The mAP

metric improvement can reach 8 percentage points on COCO dataset. The advantages of

the proposed scheme are twofold: (I) it provides a simple and low-cost solution without

extra detection sensors; (II) it can be easily embedded into most machine learning models

to definitely improve the detection performance.

On the hand, the results give new hint to further improve the visual performance

besides the traditional updating in model architecture and data engineering. It reveals that

though the deep neutral network can spontaneously extract complex abstract information

from the original input, it can bring more benefit to feed the distilled features directly

into the network for specific tasks. More independent features are supposed to improve
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the performance in machine learning tasks. Besides the passive RGB spectral features and

the depth feature, the infrared information can behave as an independent active spectral

feature to make positive effects. The (pseudo-)infrared features can be obtained similarly

as the (pseudo-)depth one based on the deep neural network.

Acknowledgments

This work is supported by the National Key R&D Program of China (2022YFA1604803),

the National Major in High Resolution Earth Observation (68-Y50G07-9001-22/23), and

the Natural Science Basic Research Program of Shaanxi (2025JC-YBMS-020).

Data availability

The datasets generated and/or analysed during the current study are available in the

GitHub repository with link https://github.com/htyb275/Pseudo-Depth-Detection.

References

[1] R. Girshick, J. Donahue, T. Darrell and J. Malik, Rich feature hierarchies for accurate object

detection and semantic segmentation, in 2014 IEEE Conference on Computer Vision and

Pattern Recognition, pp. 580–587, 2014, DOI.

[2] S. Ren, K. He, R. Girshick and J. Sun, Faster r-cnn: Towards real-time object detection with

region proposal networks, IEEE Transactions on Pattern Analysis and Machine Intelligence

39 (2017) 1137.

[3] J. Dai, Y. Li, K. He and J. Sun, R-fcn: object detection via region-based fully convolutional

networks, in Proceedings of the 30th International Conference on Neural Information

Processing Systems, NIPS’16, (Red Hook, NY, USA), p. 379–387, Curran Associates Inc.,

2016.

[4] H. Law and J. Deng, Cornernet: Detecting objects as paired keypoints, in Computer Vision –

ECCV 2018, V. Ferrari, M. Hebert, C. Sminchisescu and Y. Weiss, eds., (Cham),

pp. 765–781, Springer International Publishing, 2018.

[5] P. Jiang, D. Ergu, F. Liu, Y. Cai and B. Ma, A review of yolo algorithm developments,

Procedia Computer Science 199 (2022) 1066.

[6] K. Duan, S. Bai, L. Xie, H. Qi, Q. Huang and Q. Tian, Centernet: Keypoint triplets for

object detection, in Proceedings of the IEEE/CVF International Conference on Computer

Vision (ICCV), October, 2019.

[7] X. Zhu, W. Su, L. Lu, B. Li, X. Wang and J. Dai, Deformable detr: Deformable transformers

for end-to-end object detection, 2010.04159.

[8] X. Tong, W. Feng, W. Xu, C.-H. Chang, G.-L. Wang and Q. Li, Meson Properties and

Symmetry Emergence Based on the Deep Neural Network, Chin. Phys. Lett. 43 (2026)

020201 [2509.17093].

[9] M. Caron, H. Touvron, I. Misra, H. Jégou, J. Mairal, P. Bojanowski et al., Emerging

properties in self-supervised vision transformers, in Proceedings of the IEEE/CVF

international conference on computer vision, pp. 9650–9660, 2021.

– 15 –

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS

https://github.com/htyb275/Pseudo-Depth-Detection
https://doi.org/10.1109/CVPR.2014.81
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/https://doi.org/10.1016/j.procs.2022.01.135
https://arxiv.org/abs/2010.04159
https://doi.org/10.1088/0256-307X/43/2/020201
https://doi.org/10.1088/0256-307X/43/2/020201
https://arxiv.org/abs/2509.17093


[10] Z. Niu, G. Zhong and H. Yu, A review on the attention mechanism of deep learning,

Neurocomputing 452 (2021) 48.

[11] Y. Chen, L. Chen, R. Xia, K. Yang and K. Zou, Caat: Image super-resolution algorithm via

channel attention and transformer, Array 28 (2025) 100628.

[12] S. Meerits, D. Thomas, V. Nozick and H. Saito, Fusionmls: Highly dynamic 3d

reconstruction with consumergrade rgb-d cameras, Computational Visual Media 4 (2018) 287.

[13] X. Chu, J. Deng, J. Ji, Y. Zhang, H. Li and Y. Zhang, Oa-det3d: Embedding object

awareness as a general plug-in for multi-camera 3d object detection: X. chu et al.,

International Journal of Computer Vision 133 (2025) 8022.

[14] N. Carion, F. Massa, G. Synnaeve, N. Usunier, A. Kirillov and S. Zagoruyko, End-to-end

object detection with transformers, in Computer Vision – ECCV 2020, A. Vedaldi,

H. Bischof, T. Brox and J.-M. Frahm, eds., (Cham), pp. 213–229, Springer International

Publishing, 2020.

[15] Y. Zhao, W. Lv, S. Xu, J. Wei, G. Wang, Q. Dang et al., Detrs beat yolos on real-time object

detection, in 2024 IEEE/CVF Conference on Computer Vision and Pattern Recognition

(CVPR), pp. 16965–16974, 2024, DOI.

[16] R. Cong, J. Lei, H. Fu, J. Hou, Q. Huang and S. Kwong, Going from rgb to rgbd saliency: A

depth-guided transformation model, IEEE Transactions on Cybernetics 50 (2020) 3627.

[17] R. Cong, Q. Lin, C. Zhang, C. Li, X. Cao, Q. Huang et al., Cir-net: Cross-modality

interaction and refinement for rgb-d salient object detection, IEEE Transactions on Image

Processing 31 (2022) 6800.

[18] Y. Piao, Z. Rong, M. Zhang, W. Ren and H. Lu, A2dele: Adaptive and attentive depth

distiller for efficient rgb-d salient object detection, in Proceedings of the IEEE Computer

Society Conference on Computer Vision and Pattern Recognition, p. 9057 – 9066, 2020, DOI.

[19] T. Wang, X. Zhu, J. Pang and D. Lin, Fcos3d: Fully convolutional one-stage monocular 3d

object detection, in Proceedings of the IEEE/CVF international conference on computer

vision, pp. 913–922, 2021.

[20] Y. Piao, W. Ji, J. Li, M. Zhang and H. Lu, Depth-induced multi-scale recurrent attention

network for saliency detection, in 2019 IEEE/CVF International Conference on Computer

Vision (ICCV), pp. 7253–7262, 2019, DOI.

[21] Y. Wang, V.C. Guizilini, T. Zhang, Y. Wang, H. Zhao and J. Solomon, Detr3d: 3d object

detection from multi-view images via 3d-to-2d queries, in Proceedings of the 5th Conference

on Robot Learning, A. Faust, D. Hsu and G. Neumann, eds., vol. 164 of Proceedings of

Machine Learning Research, pp. 180–191, PMLR, 08–11 Nov, 2022,

https://proceedings.mlr.press/v164/wang22b.html.

[22] Y. Liu, T. Wang, X. Zhang and J. Sun, Petr: Position embedding transformation for

multi-view 3d object detection, in Computer Vision – ECCV 2022, S. Avidan, G. Brostow,
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