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Abstract

Diameter at breast height (DBH) is a crucial indicator for obtaining tree phenotypes in
orchard management, plantation monitoring, and agroforestry systems. LiDAR technology
has high measurement accuracy, but it is costly and difficult to deploy flexibly in outdoor
scenarios, while smartphones have emerged as a viable alternative due to their portability
and low cost. In this paper, we propose a DBH estimation method based on monocular
depth estimation, supported by a mobile application for algorithm deployment and result
visualization. To address the limited computing resources on mobile devices, we design
HR-DiffusionDepth, a lightweight diffusion-based monocular depth estimation network
for smartphones, which generates pixel-wise 3D coordinates from a single image using
camera intrinsics, thereby replacing LiDAR for DBH calculation. Experiments on the KITTI
and SPREAD datasets show that HR-DiffusionDepth achieves the best depth estimation
accuracy among similar lightweight models, reducing Abs Rel by up to 25.3% relative to the
state-of-the-art (SoTA) lightweight baseline, with only 6.26 M parameters. The validation
results show that the root mean square error (RMSE) of DBH estimation is 3.10 cm and the
mean absolute error (MAE) is 2.25 cm, demonstrating the potential of this approach for
agricultural scenarios such as orchards and plantations.

Keywords: tree phenotyping; lightweight monocular depth estimation; smartphone; DBH
estimation; smart agroforestry

1. Introduction
Diameter at breast height (DBH) is an important parameter for tree phenotyping and

agricultural and forestry resource surveys. It provides key data for assessing tree growth,
estimating biomass, and monitoring tree health status [1]. Traditional contact measurement
methods, such as tape measures and calipers, are highly accurate but involve high labor
costs and low efficiency and are easily constrained by forest terrain, making large-scale
measurements inefficient. LiDAR, capable of capturing 3D point cloud data to precisely
extract tree structural parameters, has been widely utilized for large-scale measurement of
tree DBH [2]. However, conducting DBH measurements with LiDAR in field conditions
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remains challenging. On one hand, transporting, deploying, and maneuvering LiDAR
equipment with substantial size and weight in wild environments is difficult [3]. On the
other hand, algorithms for processing the scanned point cloud data face difficulties such
as challenging environmental filtering and heavy reliance on empirical methods for DBH
estimation. As a result, developing a portable, low-cost, and user-friendly method for
estimating tree diameter in the field is of great significance for tree phenotyping and smart
agroforestry management.

Compared to bulky LiDAR scanning equipment, rapidly proliferating lightweight
smartphones offer a low-cost and convenient solution for field DBH estimation. Smart-
phones have significant advantages in terms of data acquisition time, hardware cost,
and ease of use, with data collection efficiency reaching mere seconds and device costs
being approximately 1–2% of those of a LiDAR system [3,4]. However, due to hard-
ware limitations, smartphones typically capture images without depth information. Since
three-dimensional information is crucial for accurate DBH estimation, the precision of
directly extracting DBH information from images often does not meet the requirements [5].
Therefore, extracting depth information from images to accurately estimate DBH is key to
utilizing smartphones for field tree structural parameter acquisition.

Deep learning-based depth estimation algorithms can infer scene depth information
from images by learning visual cues such as geometric constraints, spatial occlusion infor-
mation, and changes in texture features. This provides an important technical foundation
for employing smartphones in automatic DBH measurement. Typically, depth estimation
includes two main types: multi-view depth estimation and monocular depth estimation [6].
Multi-view depth estimation infers depth information by matching images from differ-
ent viewpoints. However, in tree scenes with similar texture features, using multiple
overlapping images can make feature extraction and matching particularly challenging.
Additionally, multi-view image matching requires high computational power [7], mak-
ing it difficult to implement multi-view depth estimation on smartphones. For example,
Fu et al. [7] proposed a binocular vision-based DBH estimation method that achieved high-
precision measurements, but the method has high hardware requirements and cannot be
ported to smartphones. Fortunately, monocular depth estimation algorithms do not require
image alignment and calibration, which allows depth estimation with lower computational
and energy demands. Thus, in this work, we deployed a DBH estimation model based on
monocular depth estimation on smartphones.

With the rapid advancement of deep learning, researchers have introduced numerous
neural network models to tackle monocular depth estimation tasks. Generally, depth
estimation can be viewed as a pixel-wise regression problem. For instance, studies [8] have
employed convolutional neural networks (CNNs) for depth estimation. Since CNNs are
limited in capturing global information, researchers have used the self-attention mecha-
nism in transformer architectures to leverage long-range dependencies in images, thereby
improving the accuracy of depth estimation [9,10]. However, these regression models
often suffer from severe overfitting and tend to lose detailed representations that are useful
for depth estimation [11,12]. In recent years, diffusion models have been introduced into
depth estimation tasks. The iterative process of diffusion models can effectively utilize
global information and local details, producing smoother depth maps with better detail
preservation [11,13,14]. The learning mechanism of diffusion models gradually recovers
real data from noise, which enables the handling of more complex problems and reduces
the tendency toward overfitting. Unfortunately, this learning mechanism also results in
substantial computational costs when applying diffusion models to monocular depth esti-
mation, making it impractical to deploy on resource-constrained mobile edge devices such
as smartphones. Therefore, we propose a lightweight diffusion model for depth estimation
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that maintains high estimation accuracy while significantly reducing parameter size and
computational overhead, thereby enabling practical deployment on smartphones.

Additionally, during the sampling process, the encoder of diffusion models may
inevitably lose edge information [11], while precise object boundary information can
enhance depth estimation accuracy [12]. Therefore, we introduce an edge detail extraction
branch specifically designed to capture edge details, enabling the diffusion model to focus
on the boundary regions of objects and better preserve edge information during feature
extraction. In summary, this paper presents a lightweight diffusion model that can be
deployed on smartphones for low-cost, accurate DBH estimation in the field. Specifically,
the contributions of this paper are as follows:

(1) A smartphone-based application for measuring tree DBH, named MobileDBH, was
developed. Depth estimation is executed directly on the smartphone, while trunk
segmentation currently relies on a cloud-based API. This application can complete the
task of obtaining tree phenotypic parameters in agricultural and forestry scenarios
efficiently and at low cost.

(2) We propose a novel lightweight monocular depth estimation network. By integrat-
ing the HF-HRNet module, which offers higher computational efficiency and fewer
parameters, we significantly reduce the parameter size and computational overhead
of the diffusion model, enabling it to operate efficiently in the limited computing
resource environment of smartphones.

(3) We designed lightweight edge feature extraction and multi-scale feature extraction
modules. By utilizing edge and multi-scale features to guide the depth estimation task,
the approach captures critical edge information, maintaining high prediction accuracy
while significantly reducing model parameter size and computational expense.

2. Related Work
2.1. DBH Estimation

The development of DBH measurement technology can be roughly divided into three
stages: traditional contact measurement, LiDAR-based measurement, and image-based
deep learning estimation. Traditional contact measurement mainly relies on tools such as
tape measures, diameter rulers, and calipers [15], which can provide precise single-tree
measurement results and are widely used as reference standards for ground-truth values.
However, it is inefficient, labor-intensive, and difficult to implement in complex terrain or
dense forest stands, failing to meet the requirements of large-scale forest monitoring.

LiDAR-based measurement, especially terrestrial laser scanning (TLS), acquires high-
precision three-dimensional point cloud data of trees by emitting and receiving laser
pulses, significantly improving the efficiency of forest mapping [16]. Researchers can
automatically or semi-automatically extract various tree parameters from the point cloud,
including DBH. Liang et al. [17] demonstrated that the root mean square error of TLS
automatic DBH measurement can be controlled within 2 cm, with high accuracy and
reliability. However, TLS equipment is costly and bulky, and the data collection and point
cloud processing procedures in the field are complex, restricting its application in routine
forestry surveys [16].

Image-based measurement has received attention in recent years due to its low cost and
high efficiency. With the popularity of smartphones and the advancement of deep learning
technology, estimating DBH from a single image has become a research hotspot [18].

However, most existing image methods use deep learning for tree trunk segmenta-
tion rather than depth estimation, still relying on dedicated hardware to obtain depth
information, and there is a lack of research on DBH measurement using monocular depth
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estimation [19]. The main contribution of this paper lies in proposing a DBH measurement
method based on depth estimation rather than tree trunk segmentation.

Recovering three-dimensional depth information from a single two-dimensional im-
age is a recognized challenge, directly restricting the accuracy of DBH estimation. Diffusion
models have made significant progress in the field of image generation and have demon-
strated the ability to generate high-quality depth maps in tasks such as monocular depth
estimation. However, existing diffusion models have high computational costs and are
difficult to deploy on mobile devices such as smartphones. This paper introduces the
lightweight design of diffusion models and applies it to field DBH estimation, significantly
reducing the parameter count and computational cost while maintaining high accuracy.
The feasibility of the scheme is verified through the designed lightweight network archi-
tecture, providing a new technical path for low-cost and portable smart agricultural and
forestry tree diameter measurement.

Multiscale feature learning, attention-based recognition methods, and lightweight
visual architectures have been studied in forestry, agriculture, and related visual tasks.
Multiscale convolution and multi-layer feature fusion have been applied to remote sensing
forest species recognition [20], and a method combining dilated pyramid attention and
spatial enhancement has also been proposed for the same task [21]. In the field of crop
phenotyping, the Tswin-F network integrates bilateral local attention and self-supervised
learning to achieve multi-scale feature aggregation in tomato leaf disease recognition [22].
These three works indicate that multi-scale feature extraction, attention enhancement,
and hierarchical feature fusion have reference value for fine-grained visual tasks such
as tree DBH estimation. At the same time, HGCS-Det combines attention calibration
and boundary enhancement for object detection in complex scenes [23], and GMamba
is a lightweight state-space architecture for image classification [24]; these lightweight
architectures demonstrate the application potential of lightweight design in complex scene
recognition and deployment on resource-constrained devices, although HGCS-Det and
GMamba are not specifically developed for agricultural and forestry applications.

2.2. Edge-Based Depth Estimation

The goal of monocular depth estimation is to infer scene depth from a single RGB
image, which is an important research topic in computer vision. In recent years, deep
learning methods have made significant progress on this task [12]; however, the generated
depth maps still tend to exhibit blurriness, excessive smoothing, or large local deviations
near object boundaries, leading to loss of fine details. For applications such as DBH
estimation that rely on accurate object contours, the quality of edge information directly
affects subsequent measurement results.

To address the aforementioned issue, existing research has attempted to explicitly in-
corporate image edge information into depth estimation networks. These methods typically
rely on the prior assumption that high-frequency edges in an image are strongly associated
with discontinuities in scene depth—namely, object boundaries. Proper utilization of this
prior can help improve the prediction accuracy of depth maps in boundary regions and
enhance edge sharpness.

Based on this approach, researchers have proposed various implementation methods.
Among them, multi-task learning is a relatively common method. Its basic idea is to enable
the network to simultaneously predict depth maps and edge maps and to strengthen the
constraints between the two tasks by sharing feature representations or joint loss functions,
thereby improving the depth prediction effect at the object boundaries. Some studies have
also set up independent edge extraction branches, integrating the extracted edge features
with the depth features in the main network to guide the generation of the depth map.
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For example, Xu et al. [25] introduced the edge map as prior information into the structured
attention-guided conditional random field framework, and improved the sharpness of
the depth map boundaries through global optimization; Ramamonjisoa and Lepetit [26]
proposed a differentiable variational refinement framework, using the predicted edge map
to impose regularization constraints on the energy function, making the depth gradient
consistent with the image edge as much as possible, thereby refining the initial depth map.

Based on the above research, this paper introduces the edge-guiding mechanism into
the DBH estimation task. In this task, the clarity of the trunk contour directly affects the
measurement accuracy. Therefore, HR-DiffusionDepth is designed with a lightweight edge
feature extraction module, which incorporates low-level geometric edge information into
the denoising process of the diffusion model. While controlling the computational cost, it
generates a depth map with clearer trunk boundaries and higher depth accuracy.

2.3. Lightweight Depth Estimation Models

The research goal of lightweight depth estimation is to maintain high prediction accu-
racy in scenarios with limited computing resources, such as on mobile devices. The related
methods are mainly divided into two learning paradigms: self-supervised and supervised.
These methods usually reduce computational costs by simplifying network structures,
optimizing feature extraction, or integrating lightweight modules to meet the requirements
of efficient deployment.

In the self-supervised learning direction, researchers train on unlabeled data to re-
duce reliance on large-scale labeled datasets and optimize network structures to reduce
computational costs. Godard et al. [27] proposed Monodepth2, which introduced three
strategies: minimum reprojection loss, full-resolution multi-scale sampling, and automatic
masking loss. This model is representative in this direction. Based on this, Zhang et al. [28]
proposed Lite-Mono, which combines the characteristics of CNN and Transformer to ex-
tract multi-scale local features through consecutive expansion convolution modules and
encode long-range dependencies through a local-global feature interaction module. This
model surpasses Monodepth2 in terms of accuracy while reducing the parameter count by
approximately 80%, making it more suitable for mobile device deployment.

In the supervised learning direction, researchers mainly reduce model complexity
through architecture design and lightweight strategies. Wofk et al. [29] proposed FastDepth,
which adopts an efficient encoder-decoder structure and combines network pruning to
reduce inference latency. Li et al. [30] proposed MobileDepth, which extracts local features
using MobileNetV2, captures global context through the DSAB module, and limits the
computation of self-attention, significantly compressing the parameter size compared to
models based on ViT, and is suitable for deployment on edge devices. Hu et al. [31] used the
knowledge distillation method, leveraging auxiliary unlabeled data to guide the student
model to learn from the teacher model, achieving performance similar to the current best
methods with only about 1% of the parameter size.

Existing lightweight depth estimation models have significantly improved in terms of
parameter size and computational efficiency but still have deficiencies in global context
modeling and edge detail preservation, making it difficult to meet the requirements of
DBH estimation for trunk boundary accuracy. To address these issues, this paper simplifies
the architecture and improves the modules based on the diffusion model for estimation. It
proposes HR-DiffusionDepth, which integrates a hardware-friendly HF-HRNet module
and a dedicated edge feature extraction branch, and utilizes the global modeling abil-
ity of the diffusion process to reduce model complexity while maintaining high depth
estimation accuracy.
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2.4. Dense Visual Prediction Diffusion Model

The Dense Visual Prediction Diffusion Model (DDP) [32] is a dense visual prediction
framework built upon a conditional diffusion pipeline. Its central principle is to leverage
the progressive denoising mechanism of diffusion models, breaking down the complex
mapping task into a series of manageable, iterative steps. In contrast to conventional
regression-based approaches, this “noise-to-map” generative paradigm concurrently lever-
ages global structural information and local fine-grained features during prediction. This
enables the generation of outputs that are both globally coherent and rich in local de-
tail. For depth estimation, DDP employs a high-capacity encoder to extract multi-scale
spatial features [33], which are then guided by conditional information throughout the
iterative denoising process to recover a more precise depth distribution. The efficacy of
this mechanism has been proven in various dense prediction tasks, including semantic
segmentation and bird’s-eye-view (BEV) map generation, indicating its significant potential
for depth estimation.

Nevertheless, the direct application of DDP to monocular depth estimation, partic-
ularly on resource-constrained edge devices such as smartphones, presents formidable
challenges. Firstly, the original DDP architecture typically depends on a Swin Transformer
encoder [33] and a standard feature pyramid network (FPN) [34]. While this combination
excels at capturing rich spatial and contextual information, it incurs substantial computa-
tional overhead and a large parameter footprint, resulting in high inference latency that
renders it impractical for mobile deployment. Secondly, the encoder within the diffusion
model is prone to losing critical edge information during successive downsampling op-
erations. Given that object boundaries are of paramount importance in depth estimation,
the blurring of trunk contours in DBH estimation tasks will directly degrade measure-
ment accuracy [35]. Consequently, without targeted architectural optimizations, the utility
of DDP for efficient measurement in complex environments, such as forested areas, is
severely constrained.

To address the aforementioned issues, this study proposes a lightweight transfor-
mation and edge feature enhancement solution within the DDP framework, namely the
HR-DiffusionDepth model. On one hand, we introduce HF-HRNet [36], which boasts
higher computational efficiency and is more compatible with mobile Neural Processing
Units (NPUs), to replace the Swin Transformer as the multi-scale feature extractor, thereby
significantly reducing the model’s parameter count and computational overhead. On the
other hand, an edge feature branch is added during the feature extraction stage to ef-
fectively alleviate edge blurring issues. Through these design innovations, we not only
retain the strengths of DDP in global and local information modeling but also overcome its
shortcomings in mobile deployment and boundary detail recovery, ultimately achieving
low-cost, single-shot, and high-precision DBH estimation in field scenarios.

3. Materials and Methods
3.1. The Framework of MobileDBH

In this study, we propose MobileDBH, a low-cost mobile method for tree DBH es-
timation based on monocular depth estimation. MobileDBH utilizes a smartphone for
RGB image acquisition and then leverages a deep learning model deployed on the device
to perform depth estimation, parameter calibration, and DBH estimation, as shown in
Figure 1.
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Figure 1. The framework of MobileDBH. The workflow consists of model building, trunk depth
extraction, parameter calibration, and DBH estimation.

As illustrated in Figure 1, the specific workflow of MobileDBH comprises the
following steps:

(a) Model Building. To estimate the 3D information of forest environments from visible
light images for high-precision DBH estimation, we propose a lightweight depth
estimation model named HR-DiffusionDepth based on the diffusion mechanism.
Through a lightweight design, HR-DiffusionDepth, which leverages high-precision
diffusion models, can be deployed on mobile devices. Furthermore, by incorporating
multi-scale and edge feature extraction modules to realistically reconstruct the 3D
environment of actual scenes and obtain sharper tree edges, the smartphone equipped
with HR-DiffusionDepth can effectively overcome the challenge of imprecise DBH
estimation caused by blurry tree edges.

(b) Trunk Depth Extraction. First, the Segment Anything Model (SAM, ViT-L variant, ap-
proximately 308 M parameters) [37], an off-the-shelf zero-shot instance segmentation
model accessed via its official API, is utilized to obtain trunk mask information from
images captured by the smartphone, enabling precise identification of trunk contours
within the image. Simultaneously, the HR-DiffusionDepth model estimates the depth
information of the entire scene. Subsequently, the individual trunk depth information
is obtained by combining the acquired trunk mask with the scene depth information.

(c) Parameter Calibration. The intrinsic camera parameters of the smartphone are ob-
tained using Zhang’s calibration method [38], with an A4-printed checkerboard pat-
tern (9× 6 internal corners, approximately 25 mm per square) used as the calibration
target. Since the depth values output by HR-DiffusionDepth are of relative scale and
do not directly correspond to real physical units, in this paper, a reference object (e.g.,
a ruler) is attached to the tree trunk, and the camera intrinsics are used to reconstruct
a three-dimensional point cloud from the relative depth map, in which the two end-
points of the reference object are identified. The three-dimensional distance between
the two points is computed, and the scale factor is obtained by dividing the known
actual length of the reference object by this distance.
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Specifically, let the image coordinates of a given pixel be (u, v), with the corresponding
relative depth value d. Let the focal lengths in the camera intrinsics be fx and fy, and the
principal point coordinates be (cx, cy). The three-dimensional coordinate obtained by
back-projecting this pixel is then

X =
(u− cx)d

fx
, Y =

(v− cy)d
fy

, Z = d. (1)

Let the endpoints of the reference object correspond to pixel coordinates (u1, v1, d1)

and (u2, v2, d2), and let the three-dimensional coordinates P1 and P2 be obtained by back-
projection according to the above formula; the three-dimensional distance between the
two points is ∥P1 − P2∥2. Since the pixel offsets in the back-projection formula are each
scaled according to their respective depth value d, rather than by a uniform pixel ratio,
points farther from or closer to the camera are each corrected according to their true depth
when converted to three-dimensional coordinates. Thus, ∥P1− P2∥2 reflects a relative three-
dimensional scale that is unaffected by the distance between the object and the camera.
The scale factor is obtained by dividing the known actual physical length L of the reference
object by this distance:

s =
L

∥P1 − P2∥2
. (2)

This scale factor is used only to correct the overall scale ambiguity of depth, i.e., the
proportional relationship between relative and absolute depth; it does not involve per-
spective correction at the pixel-coordinate level, as this has already been accounted for in
the back-projection formula. Therefore, s applies uniformly across the entire scene and
does not introduce deviations arising from differences in distance between trees and the
camera. In this study, a scene is defined at the operational level as a range where the camera
is fixed at the same position and multiple photos are taken by simply re-adjusting the
framing (such as rotating the lens) without any physical movement. In field measurements,
the effective shooting distance between the camera and the tree trunk was approximately 1
to 3 m. Measurements of multiple trees within the same scene do not require recalibration;
when the camera is moved to a new position, it constitutes a new scene, and a new ruler
calibration is necessary.

(d) DBH Estimation. By combining the depth information of the tree trunks with the
camera intrinsics, we generate three-dimensional coordinates for each tree; the three-
dimensional coordinates corresponding to the 1.3-m breast-height position are calcu-
lated from the depth information and the known ground-reference height, and are
then back-projected onto the two-dimensional image. On this basis, outliers in the
trunk point cloud (|depth− µ| > 2σ) are removed using the Z-score method to de-
noise the point cloud. The average depth d̄ of the denoised point cloud is used as
the representative depth. The left and right boundary pixel points of the trunk are
back-projected into three-dimensional coordinates using d̄ and the camera intrinsics,
and the Euclidean distance between the two gives the trunk width w. Combined with
the scale factor, the DBH is calculated as follows:

DBH = w× s. (3)

3.2. HR-DiffusionDepth

Inspired by DDP, we developed a lightweight depth estimation framework named
HR-DiffusionDepth based on the diffusion mechanism. HR-DiffusionDepth enables Mo-
bileDBH, when deployed on a smartphone, to perceive 3D environmental information
for the accurate estimation of tree DBH. As illustrated in Figure 2, the architecture of HR-
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DiffusionDepth is composed of three main components: feature extraction module , feature
fusion module, and denoising module. In HR-DiffusionDepth, the feature extraction mod-
ule extracts multi-scale and edge features, which not only contain the global information of
the image but also encompass rich local details. The feature fusion module then effectively
fuses these multi-scale and edge features to generate richer and more representative feature
representations. Finally, the fused features are fed into the denoising module as visual
conditioning. Its core function is to provide a crucial constraint and guidance for the
iterative denoising process of the conditional diffusion model. Specifically, it ensures that
the output generated at each denoising step strictly adheres to the given visual information,
thereby guaranteeing the accurate and stable reconstruction of a high-fidelity depth scene.

Figure 2. The architecture of HR-DiffusionDepth.

3.2.1. Feature Extraction Module

To enhance the perception of 3D environmental information and capture sharp tree
edge details, we designed a feature extraction module capable of extracting multi-scale and
edge features effectively while maintaining a low model parameter count. This module
comprises two parallel feature extraction branches: (a) a multi-scale feature extraction
branch called MultiScaleModule and (b) an edge feature extraction branch called Edge-
Module. While receiving the input image x ∈ RH×W×3, the feature extraction module
simultaneously outputs a spatial feature map F and an edge feature map E.

In the MultiScaleModule branch, a multi-scale feature encoder, such as HF-HRNet,
outputs multi-scale features at four different resolutions, which are then fused using a
lightweight feature pyramid network called lightFPN, resulting in a spatial feature map F
of size H/4×W/4× 256. The EdgeModule branch outputs an edge feature map E of size
H/4×W/4× 48. The computational processes of these two branches are elaborated in the
following sections.

a. The MultiScaleModule Branch

The proposed MultiScaleModule branch consists of two stages: multi-scale feature ex-
traction (Stage 1) and multi-scale feature fusion (Stage 2). Generally, diffusion-based depth
estimation networks (e.g., DDP) predominantly employ a Swin Transformer encoder [33]
and a standard FPN to learn the spatial structural information of images and perform
feature fusion. This design incurs significant computational costs for both training and
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inference, making it challenging to deploy on resource-constrained smartphone devices.
Therefore, we developed lightweight optimizations for these two modules, aiming to re-
duce model parameters and computational complexity while preserving feature extraction
performance as much as possible. In Stage 1, we replaced the Swin Transformer encoder
with the more computationally efficient HF-HRNet. As a multi-scale feature extractor,
HF-HRNet offers the following advantages: First, it achieves excellent feature extraction
performance with relatively small parameter count and computational complexity. Second,
it provides robust support for NPU acceleration functions in mobile devices, significantly
enhancing operational efficiency on edge mobile devices. In summary, HF-HRNet not
only possesses outstanding multi-scale feature extraction capabilities but also effectively
optimizes model deployment performance on hardware through the introduction of a
Hardware-aware Unit Module (HUM), thereby substantially boosting inference speed.
As illustrated in Figure 2, HF-HRNet performs feature extraction on an input image of size
H ×W × 3, ultimately outputting four feature maps of different resolutions, denoted as F1,
F2, F3, and F4 as shown in Equation (4).

Fi ∈ R(H/2 i+1)×(W/2 i+1)×(48×2 i−1) (4)

where i = 1, 2, 3, 4 denote feature maps at different scales.
In Stage 2, we designed a lightweight module called lightFPN to facilitate multi-

scale feature fusion. By replacing the 3 × 3 standard convolutional smoothing layer in
the standard FPN module with a simple and lightweight 3 × 3 depth-wise separable
convolution, we significantly reduced the parameter scale and computational cost of the
module. As illustrated in Equation (5), lightFPN processes feature maps of different scales
individually through each layer’s 3 × 3 depth-wise separable convolution. Subsequently,
the lower-resolution feature maps are upsampled by a factor of 2 and added to their
corresponding higher-resolution counterparts. Finally, a smoothing convolutional layer is
applied to eliminate artifacts and discontinuities for achieving progressive feature fusion.

X = DSConv
(

Conv(Fi−1) + Up(Conv(Fi))
)

(5)

where DSConv(·) denotes the 3 × 3 depth-wise separable convolution operation, Conv(·)
denotes the 1× 1 standard convolution operation, and Up(·) denotes the 2× upsampling op-
eration.

b. The EdgeModule Branch

To enhance the model’s edge perception capability, the EdgeModule branch integrates
the Sobel edge detection algorithm [35] with the computationally lightweight HF-HRNet to
efficiently extract fine-grained edge information. Since the Sobel edge detection algorithm
focuses on high-frequency information such as contours and texture variations within
the image, it effectively filters redundant color and illumination details. This enables the
model to more readily capture critical features like object shapes and boundaries. The Sobel
edge detection algorithm employs two 3× 3 convolution kernels (i.e., Sobel operators)
to detect gradient changes in the horizontal and vertical directions, respectively, thereby
identifying object edges. Specifically, to minimize computational load on mobile devices,
the EdgeModule branch applies the Sobel edge detection algorithm to generate an edge
feature vector E1 ∈ RH×W×1. Subsequently, the CAD_Block module from the efficient HF-
HRNet is utilized to perform downsampling, yielding a feature map E2 ∈ R48×H/4×W/4.
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3.2.2. Fusion Module

As illustrated in Equation (6), the Fusion Module functions to fuse the obtained multi-
scale feature maps F and the edge feature map E. While F is rich in spatial and semantic
information, its successive downsampling operations result in a loss of high-frequency
details, such as sharp edges. Conversely, the edge feature map E offers precise boundary
information but is devoid of the broader spatial and semantic context. To capitalize on
the complementary strengths of both, the Fusion Module merges them to generate a new
feature map that encapsulates edge, spatial, and semantic information. This module is
composed of a concatenation operation followed by a Conv block. As depicted in Figure 2,
the Fusion Module outputs a final fused feature map C, which has 256 channels.

C = Conv
(

concat(F, E)
)

(6)

where concat(·) denotes the concatenation operation, and Conv(·) denotes the 1 × 1 convo-
lution operation.

3.2.3. Denoising Module

The diffusion model formulates the depth estimation problem as an iterative denoising
process. The objective of the denoising module is to learn how to recover clear and accurate
depth information from the noisy depth maps. Since the feature map C, learned by the
feature extraction module, encapsulates a series of complex features, i.e., fusing edge
features, spatial features, and semantic features, it serves as rich prior knowledge. In each
iteration, the denoising module leverages C as a visual guidance condition within the
conditional diffusion model to reconstruct the image’s depth information. As formalized
in Equation (7), the module accepts the noisy sample yt at the current timestep t and the
visual condition C as its inputs. By concatenating yt with the feature map C, the module
engages in the denoising process to predict the distribution of the sample yt−1 from the
preceding timestep t− 1.

pθ(yt−1 | yt, C) (7)

where C represents the fused feature map, which serves as the visual condition for the
diffusion model, and θ denotes the denoising module, i.e., the entire denoising network.

Notably, to reduce the number of parameters and computational overhead, we replace
the six-layer deformable attention block in the DDP with a lightweight stack of two depth-
wise separable convolutional layers. Each of these convolutional layers consists of a
3 × 3 depth-wise separable convolution, a batch normalization (BatchNorm) layer, and a
ReLU activation.

3.2.4. Training Process

As illustrated in Algorithm 1, given an original image I and its corresponding ground-
truth depth map M, the original image I is first processed by the EdgeModule and the
MultiScaleModule to obtain an edge map E and a multi-scale feature map F, respectively.
These features are then fused through the feature fusion module to generate a conditional
feature map C, which serves as the latent space representation.
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Algorithm 1 Denoising diffusion training process

Input: Input images I, ground-truth depth maps M
Output: Training loss L

1: F ← MultiScaleExtraction(I) {Extract multi-scale features}
2: E← EdgeExtraction(I) {Extract edge features}
3: C ← Concatenate(F, E)
4: y← Encoding(M) {Encode ground truth}
5: t ∼ U (0, 1), ϵ ∼ N (0, 1) {Sample timestep and noise}

6: yt ←
√

αcumprod(t) · y +
√

1− αcumprod(t) · ϵ
7: ypred ← DenoisingModule(yt, C, t)
8: L ← ObjectiveFunction(ypred, M)
9: return L

Concurrently, the ground-truth depth map M is progressively corrupted by adding
Gaussian noise, generating a sequence of noisy depth map samples, yt, at varying noise
levels. Finally, the denoising module takes both the latent feature map C and the noisy
depth map yt as input. Through an iterative, step-by-step denoising process, it recovers the
original depth information, yielding the predicted depth map ypred. During the inference
stage, this process is initiated with pure Gaussian noise instead of a noisy version of the
ground-truth depth map.

3.2.5. Loss Function

The objective function in Algorithm 1 (corresponding to the masked loss labeled in
Figure 2) is implemented using masked scale-invariant logarithmic loss, following the
formula format in AdaBins. Given the predicted depth d̂ and the true depth d, the loss is
calculated only on the valid pixels, which are defined as pixels satisfying 0 < d ≤ dmax,
and invalid pixels (such as missing LiDAR returns) are excluded through the mask.

Let g = log(d̂ + ϵ)− log(d + ϵ), where ϵ = 0.001 is used to avoid numerical instability
when the input is close to zero. The loss function is defined as

L =
√

Var(g) + 0.15 · (g)2 (8)

where Var(g) and g represent the variance and mean of g on the valid pixels, respectively.
The scaling factor γ used in the normalization step of Algorithm 1 corresponds to

the bit-scale hyperparameter in the implementation, and it is set to 0.1 in this paper’s
implementation. The scaling constant α (typically set to 10 in some implementations of this
loss) is not included in the implementation presented in this paper.

3.2.6. Diffusion Process: Encoding, Noise Scheduling, and Sampling

Let the ground-truth depth map be denoted as M. The encoding operation is defined as

Encoding(M) =

(
M− dmin

dmax − dmin
× 2− 1

)
× γ (9)

where dmin, dmax denote the known depth range of the dataset (e.g., 0–80 m for KITTI),
and γ is the scaling factor defined in Section 3.2.5.

The noise scheduling strategy adopts a cosine schedule, with αcumprod(t) defined as

αcumprod(t) = cos2
(

t + ns

1 + ds
× π

2

)
(10)

where ns = 0.0002 and ds = 0.00025 are small constants controlling the smooth transition at
both ends of the scheduling curve. The physical meaning of αcumprod(t) is the proportion
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of the true signal (the encoded depth y) retained in the noisy sample yt at timestep t, with a
value range of (0, 1): it approaches 1 as t→ 0 (nearly noise-free) and approaches 0 as t→ 1
(nearly pure noise).

During inference, yt is initialized from standard Gaussian noise ϵ ∼ N (0, 1). At each
sampling step, the model takes the current noisy sample yt and the visual condition C
as input to predict the denoised estimate ypred. The distribution yt−1 is then computed
according to the DDIM sampling formula, using the αcumprod values at the current and
next timesteps:

ϵpred =
yt −

√
αcumprod(t) · ypred√

1− αcumprod(t)
, yt−1 =

√
αcumprod(t− 1) · ypred +

√
1− αcumprod(t− 1) · ϵpred (11)

This process is iterated until t = 0, yielding the final depth prediction; in the default
configuration of this paper, the number of sampling steps is 1.

3.3. Experimental Setup
3.3.1. Dataset

This paper comprehensively evaluated the depth estimation performance of HR-
DiffusionDepth on two outdoor datasets, KITTI [39] and SPREAD [40]. The KITTI dataset
is the mainstream benchmark in the field of stereo vision algorithm evaluation, containing
a large number of stereo image pairs and corresponding LiDAR sparse depth ground
truth collected by vehicle-mounted cameras. The image pairs record the real urban road
scenes from slightly offset horizontal perspectives, providing important data support for
the depth estimation task. This paper adopted the standard Eigen partition method [8],
using 23,158 image pairs for training and 697 pairs for testing.

SPREAD is a large-scale, high-fidelity synthetic dataset specifically designed for forest-
related machine learning tasks [40]. It includes RGB images and corresponding depth
information of trees in 11 scenarios, with a total of 36,170 images. The RGB images
have a resolution of 960 × 540, and the depth images have a resolution of 480 × 270.
The dataset is split by scenario, with eight scenarios (34,370 images) used for training and
the remaining three scenarios (1800 images) held out for testing. The model training stops
after a fixed number of pre-defined iterations, and the obtained checkpoint is used directly.
The hyperparameters follow the settings used in KITTI training.

In addition, this paper collected multiple sets of images on the campus of Beijing
Forestry University in 2025. 20 representative trees were selected to construct a field scene
test set for the DBH estimation case analysis. The selected DBH values ranged from 11.46 to
30.86 cm.

3.3.2. Evaluation Indicators

As shown in Table 1, this paper used the standard evaluation metrics in the field
of depth estimation to evaluate the depth estimation model, including absolute relative
error (Abs Rel), squared relative error (Sq Rel), root mean square error (RMSE), log root
mean square error (RMSE log), and threshold accuracy (δ). Among them, Abs Rel, Sq
Rel, RMSE, and RMSE log are error-related indicators, and the lower the value, the better;
δ < 1.25, δ < 1.252, and δ < 1.253 are accuracy-related indicators, and the higher the value,
the better. These indicators comprehensively evaluate the degree of agreement between the
predicted depth and the true depth from the perspectives of error and accuracy. In addition,
as shown in Table 2, this paper used root mean square error (RMSE) and mean absolute
error (MAE) to evaluate the accuracy of the DBH estimation method. On the KITTI and
SPREAD datasets, the model was trained within the known depth range of each dataset,
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using the actual metric depth as the direct supervision signal. Abs Rel and RMSE were
computed by directly comparing the model’s raw output with the ground-truth depth.

Table 1. Evaluation metrics for the accuracy of depth estimation.

Metric Formula

Abs Rel 1
N ∑N

i=1
|di−d̂i |

di

Sq Rel 1
N ∑N

i=1
(di−d̂i)

2

di

RMSE
√

1
N ∑N

i=1(di − d̂i)2

RMSE log
√

1
N ∑N

i=1(log di − log d̂i)2

δ < thr % of d satisfies max
(

d̂i
di

, di
d̂i

)
< thr, for thr ∈ {1.25, 1.252, 1.253}

Note: d denotes the depth value of a pixel, N represents the total number of pixels, and i is the index of the pixel.

Table 2. Evaluation metrics for the accuracy of DBH estimation.

Metric Formula

RMSE
√

1
n ∑n

i=1(ai − âi)2

MAE 1
n ∑n

i=1|ai − âi|
Note: a denotes the DBH of a tree, n represents the total number of trees, and i is the index of the tree.

3.3.3. Implementation Details

This paper implemented the HR-DiffusionDepth model based on the PyTorch 1.12.0
with CUDA 11.6 [41]. When training on the KITTI dataset, the batch size was set to 16,
and 40 epochs were trained; when training on the SPREAD dataset, the batch size was
set to 8, and 30 epochs were trained. Additionally, we set the depth range of KITTI and
SPREAD to 0–80 m and 0–50 m, respectively. We used the AdamW optimizer to train
HR-DiffusionDepth, with the momentum parameters β1 and β2 configured as 0.95 and
0.99, respectively, and the initial learning rate set to 0.0001. During the training process,
we applied random cropping, random rotation, color jittering, and other operations to
enable the model to learn more robust and generalizable features, thereby improving the
performance of the model.

4. Results
4.1. Comparative Experiments
4.1.1. Comparison with Representative Lightweight Methods
a. Evaluation Results on the KITTI Dataset.

On the KITTI benchmark dataset, we systematically evaluated the performance of
HR-DiffusionDepth under low-resolution (640× 192) and high-resolution (1024× 320 and
1280× 384) input conditions, and conducted a comprehensive comparison with the state-
of-the-art lightweight supervised and unsupervised methods. The results are summarized
in Tables 3 and 4.

From Tables 3 and 4, it can be seen that regardless of the low-resolution or high-
resolution input, HR-DiffusionDepth achieved the lowest Abs Rel and RMSE values, while
maintaining the highest threshold accuracy (δ < 1.25, δ < 1.252, δ < 1.253), confirming its
strong depth estimation performance. Particularly, at the resolution setting of 1280× 384,
the Abs Rel and RMSE of HR-DiffusionDepth dropped to 0.068 and 2.730 respectively,
and the corresponding δ < 1.25, δ < 1.252, δ < 1.253 accuracies reached 0.944, 0.991,
and 0.997 respectively, highlighting its accuracy in depth estimation. Compared with the
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best-performing TinyDepth, HR-DiffusionDepth reduced Abs Rel and RMSE by 25.3% and
32.5% respectively, and the precision indicators δ < 1.25, δ < 1.252, δ < 1.253 increased by
3.2%, 2.1%, and 1.2% respectively, demonstrating significant advantages.

Table 3. Low-resolution quantitative comparison on the KITTI dataset.

Method Type Input
Resolution Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE

log ↓
δ < 1.25

↑
δ < 1.252

↑
δ < 1.253

↑
Params

(M)

640× 192

DDVO [42] M 640 × 192 0.151 1.257 5.583 0.228 0.810 0.936 0.974 28.1
GeoNet [43] M 640 × 192 0.149 1.060 5.567 0.226 0.796 0.935 0.975 31.6
Monodepth2 [27] M 640 × 192 0.110 0.831 4.642 0.187 0.879 0.961 0.982 14.3
HR-Depth [44] M 640 × 192 0.109 0.792 4.632 0.185 0.884 0.962 0.983 14.7
CAD-Depth [45] M 640 × 192 0.110 0.812 4.686 0.187 0.882 0.962 0.983 18.8
Lite-Mono [28] M 640 × 192 0.107 0.765 4.561 0.183 0.886 0.963 0.983 3.1
DIFFNet [46] M 640 × 192 0.102 0.764 4.483 0.180 0.896 0.965 0.983 10.9
MonoViT [9] M 640 × 192 0.099 0.708 4.372 0.175 0.900 0.967 0.984 27.0
TinyDepth(S) [47] M 640 × 192 0.096 0.665 4.249 0.171 0.904 0.968 0.985 6.2
RA-Depth [48] M 640 × 192 0.096 0.632 4.216 0.171 0.903 0.968 0.985 10.0
TuMDE [49] D 640 × 192 0.148 0.890 5.282 - 0.813 0.954 0.987 3.4
FastDepth [29] D 640 × 192 0.150 0.890 5.321 - 0.808 0.945 0.981 3.9
GuidedDepth [50] D 640 × 192 0.119 0.771 4.456 - 0.857 0.965 0.990 5.8
TST [51] D 640 × 192 0.114 0.649 4.406 - 0.866 0.974 0.995 1.8
HR-DiffusionDepth
(Ours) D 640 × 192 0.078 0.351 3.120 0.120 0.925 0.986 0.996 6.26

Note: Type D denotes supervised methods, and Type M denotes self-supervised methods. ↓ indicates that a lower
value is better, whereas ↑ indicates that a higher value is better. The best result for each metric is shown in bold.

Table 4. High-resolution quantitative comparison results on the KITTI dataset.

Method Type Input
Resolution Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE

log ↓
δ < 1.25

↑
δ < 1.252

↑
δ < 1.253

↑
Params

(M)

1024× 320

Monodepth2 [27] M 1024 × 320 0.115 0.882 4.701 0.190 0.879 0.961 0.982 14.3
R-MSFM3 [52] M 1024 × 320 0.112 0.773 4.581 0.189 0.879 0.960 0.982 3.5
R-MSFM6 [52] M 1024 × 320 0.108 0.748 4.470 0.185 0.889 0.963 0.982 3.8
HR-Depth [44] M 1024 × 320 0.106 0.755 4.472 0.181 0.892 0.966 0.984 14.7
CAD-Depth [45] M 1024 × 320 0.102 0.834 4.407 0.178 0.898 0.966 0.984 18.8
Lite-Mono [28] M 1024 × 320 0.102 0.746 4.444 0.179 0.896 0.965 0.983 3.1
Lite-Mono-8M [28] M 1024 × 320 0.097 0.710 4.309 0.174 0.905 0.967 0.984 8.7
DIFFNet [46] M 1024 × 320 0.097 0.722 4.345 0.174 0.907 0.967 0.984 10.9
MonoViT [9] M 1024 × 320 0.096 0.714 4.292 0.172 0.908 0.968 0.984 27.0
TinyDepth(S) [47] M 1024 × 320 0.093 0.615 4.116 0.167 0.909 0.969 0.985 6.2
RA-Depth [48] M 1024 × 320 0.092 0.634 4.135 0.168 0.912 0.969 0.985 10.0
HR-DiffusionDepth
(Ours) D 1024 × 320 0.088 0.321 2.980 0.121 0.933 0.988 0.997 6.26

1280× 384

SGDepth [53] M 1280 × 384 0.107 0.768 4.468 0.186 0.891 0.963 0.982 -
HR-Depth [44] M 1280 × 384 0.101 0.716 4.395 0.179 0.892 0.966 0.984 14.7
CAD-Depth [45] M 1280 × 384 0.102 0.715 4.312 0.176 0.900 0.968 0.984 18.8
MonoViT [9] M 1280 × 384 0.094 0.682 4.200 0.170 0.912 0.969 0.984 27.0
RA-Depth [48] M 1280 × 384 0.091 0.610 4.052 0.167 0.914 0.970 0.985 10.0
TinyDepth(S) [47] M 1280 × 384 0.091 0.607 4.043 0.165 0.915 0.970 0.985 6.2
TuMDE [49] D 1280 × 384 0.094 0.447 3.705 - 0.893 0.977 0.995 3.4
FastDepth [29] D 1280 × 384 0.094 0.499 3.983 - 0.889 0.974 0.993 3.9
GuidedDepth [50] D 1280 × 384 0.115 0.736 4.227 - 0.868 0.970 0.991 5.8
TST [51] D 1280 × 384 0.087 0.437 3.798 - 0.905 0.983 0.997 1.8
HR-DiffusionDepth
(Ours) D 1280 × 384 0.068 0.268 2.730 0.105 0.944 0.991 0.997 6.26

Note: Type D denotes supervised methods, and Type M denotes self-supervised methods. ↓ indicates that a lower
value is better, whereas ↑ indicates that a higher value is better. The best result for each metric is shown in bold.

Furthermore, from the comparison of parameter counts of different methods cal-
culated in Tables 3 and 4, it can be seen that the HR-DiffusionDepth method is highly
efficient. For example, RA-Depth and Mono-ViT require 10 M and 27 M parameters
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respectively, while HR-DiffusionDepth only needs 6.26 M parameters to achieve better
performance. Compared with TinyDepth, the parameter count of the two is comparable,
but HR-DiffusionDepth significantly leads in all indicators. Particularly noteworthy is that,
under the same premise of using HRNet as the backbone network, the parameter count of
HR-DiffusionDepth is approximately 42% of HR-Depth, yet it significantly outperforms the
latter in all evaluation indicators, further demonstrating the advancement and efficiency of
the proposed architecture.

Figure 3 presents the qualitative comparison results of HR-DiffusionDepth with Lite-
Mono and Monodepth2 in terms of capturing local edge details. In Figure 3, the key
areas where HR-DiffusionDepth significantly outperforms the comparison methods are
marked by dashed boxes. From Figure 3, it can be observed that for targets such as trees,
billboards, and traffic signs, this method not only has higher depth accuracy but also
can generate clearer and sharper edge structures. Moreover, for distant targets in the
scene, HR-DiffusionDepth also demonstrates better resolution capabilities, making the
geometric contours of distant targets more distinct. Specifically, in the black box area
marked in the first row of Figure 3, the Lite-Mono method estimates that the tree trunk
has a significant depth adhesion with the background, while the predicted trunk part by
Monodepth2 shows inconsistent depth from top to bottom. In contrast, the edges generated
by HR-DiffusionDepth are smooth and consistent, effectively suppressing depth jumps.
In the second row of Figure 3, the traffic sign area further validates this trend: Lite-Mono
and Monodepth2 both have difficulty clearly separating the sign from the surrounding
background, while this method can precisely outline the sign contour. The middle and
distant scene shown in the third row of Figure 3 further demonstrates the advantages of
HR-DiffusionDepth: Monodepth2 and Lite-Mono failed to accurately estimate the depth
of the left tree in the frame, while HR-DiffusionDepth successfully restored the complete
geometric information of this target. The above results confirm that HR-DiffusionDepth
has a clear advantage in fine edge depth estimation.

Figure 3. Qualitative comparison results on selected samples from the KITTI dataset, illustrating
representative differences in local edge sharpness; quantitative results across the full test set are
reported in Tables 3 and 4. (a) RGB image. (b) Lite-Mono. (c) Monodepth2. (d) HR-DiffusionDepth.

b. Evaluation Results on the SPREAD Dataset

We also trained and evaluated our model on SPREAD and tested the effectiveness
of the proposed HR-DiffusionDepth method in tree scene scenarios. Table 5 presents the
test results of HR-DiffusionDepth and the existing representative methods on this dataset.
From Table 5, it can be seen that HR-DiffusionDepth achieves the lowest values in all
four error metrics (Abs Rel, Sq Rel, RMSE, and RMSE log) (reaching 0.3829, 3.4914, 5.4325,
0.4176 respectively), and obtains the highest scores in three accuracy metrics (δ < 1.25,
δ < 1.252, δ < 1.253) (reaching 0.6521, 0.8226, 0.8965 respectively), outperforming the
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comparison methods comprehensively. Taking Abs Rel as an example, compared with
SimIPU, which achieves the best Abs Rel among the baselines (though its performance on
accuracy metrics such as δ < 1.25 is among the lowest in the table), HR-DiffusionDepth
reduces the error by 28.8% and reduces the parameter count by 91.9%. In the RMSE metric,
this method further achieves a significant 58.3% reduction. Although the parameter count
of HR-DiffusionDepth (6.26 M) is slightly higher than that of FastDepth and GuidedDepth,
its accuracy advantage is significant, confirming the effectiveness of the model architecture
under a limited parameter budget.

Table 5. Quantitative comparison results on the SPREAD dataset.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑ Params (M)

FastDepth [29] 0.749 10.845 17.728 1.611 0.028 0.044 0.0757 3.96
GuidedDepth [50] 0.7674 11.1929 8.7004 0.6196 0.436 0.7085 0.8239 5.83
SimIPU_Res50 [54] 0.5384 5.9954 13.0391 0.8831 0.0301 0.0962 0.3941 77.77
HR-DiffusionDepth (Ours) 0.3829 3.4914 5.4325 0.4176 0.6521 0.8226 0.8965 6.26

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better. The best result for
each metric is shown in bold.

Figure 4 presents the qualitative comparison results of HR-DiffusionDepth and Fast-
Depth on the SPREAD tree scene dataset. As shown in Figure 4, HR-DiffusionDepth can
generate depth maps with precise numerical values and strong spatial continuity, clearly
representing the scene structure and sharpening the target boundaries. Compared to Fast-
Depth, this method demonstrates higher clarity and geometric fidelity in edge depiction.
Specifically, in the first row of the example in Figure 4, FastDepth fails to effectively separate
the tree canopy area from the background, resulting in the inaccurate distinction of fine
structures such as leaves; while HR-DiffusionDepth successfully restores the fine depth
differences of leaves, significantly enhancing the visibility of small targets. The second row
of the example in Figure 4 further validates this advantage: HR-DiffusionDepth sketched
the geometric outline of the fence with smoother and sharper edges, while FastDepth
produced blurry boundaries with shape distortions. In summary, the experiments on the
SPREAD dataset confirm that HR-DiffusionDepth has strong depth estimation capabilities
in complex tree scenes. The high-quality depth maps generated by HR-DiffusionDepth can
provide reliable basic data support for downstream tasks such as tree monitoring, resource
investigation, and ecological research.

Figure 4. Qualitative comparison results on the SPREAD dataset. (a) RGB image. (b) FastDepth.
(c) HR-DiffusionDepth.
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4.1.2. Model Complexity Analysis

To verify the feasibility of HR-DiffusionDepth in practical applications, this paper
conducted inference complexity analysis on NVIDIA Titan Xp and GeForce RTX 3090 GPUs
(NVIDIA Corporation, Santa Clara, CA, USA). The test images were taken from the KITTI
dataset, and the input resolution was uniformly set to 640× 192. The model complexity
was quantified by the number of floating-point operations (FLOPs) and the single-frame
inference time. The results are listed in Table 6.

As shown in Table 6, Monodepth2 had the lowest inference latency, but the depth
estimation accuracy was the worst, and Abs Rel ranked at the bottom among all the
comparison methods. The FLOPs of HR-DiffusionDepth were the lowest (4.41 G), only
86.5% of that of the suboptimal method Lite-Mono (5.1 G). At the same time, Abs Rel
(0.078) was further reduced by 23.5%. Due to the forward noising and multi-step iterative
denoising required by the diffusion model during the inference stage, the inference speed
of HR-DiffusionDepth was the slowest among the comparison methods. Considering
both accuracy and complexity, HR-DiffusionDepth outperformed the existing lightweight
methods in terms of computational efficiency and estimation accuracy. Given the multi-
second latency reported below, the proposed method is best characterized as a single-shot
measurement tool. To verify the feasibility of on-device deployment, we converted HR-
DiffusionDepth to Open Neural Network Exchange (ONNX) format and deployed it on a
realme GT Neo smartphone (realme, Shenzhen, China) running Android 13. The size of the
converted model was 26.7 MB. Using ONNX Runtime 1.27.0 for inference, the single-frame
latency was 7261 ms, and the runtime memory usage was 187 MB. In addition, we measured
the complete end-to-end latency on this device, covering image preprocessing, trunk
segmentation (via the SAM API), depth estimation, and DBH calculation. The total latency
per frame was 9125 ms. During this process, the processor utilization was approximately
72%, and the power consumption was approximately 4.6 W. Among these steps, the trunk
segmentation part is completed by calling the cloud-based SAM API. This step depends on
network connectivity.

Table 6. Comparison of model complexity across different methods.

Method FLOPs (G) Abs Rel ↓ δ < 1.25 ↑ Time (ms) Titan Xp Time (ms) RTX 3090

Monodepth2 [27] 8.0 0.115 0.879 7.4 7.5
R-MSFM3 [52] 16.5 0.112 0.879 13.2 11.7
R-MSFM6 [52] 31.2 0.108 0.889 22.5 18.4
Lite-Mono [28] 5.1 0.102 0.896 13.7 12.1
HR-DiffusionDepth (Ours) 4.41 0.078 0.925 60.0 40.2

Note: FLOPs are in GigaFLOPs, and inference time is measured on Titan Xp and RTX 3090 GPUs. ↓ indicates that
a lower value is better, whereas ↑ indicates that a higher value is better. The best result for each metric is shown in
bold.

4.1.3. Comparison with Representative Heavyweight Methods

In a lightweight design, some precision is inevitably lost. However, by comparing it
with some heavyweight representative methods to further verify the applicability of our
proposed HR-DiffusionDepth method in field operations, the results are shown in Table 7.

In terms of error and accuracy indicators, our method even surpasses the Yin method.
It is 0.004 lower in Abs Rel and 0.528 lower in RMSE. Moreover, compared with Depth-
Former, our parameter count is 2.2% of its, but the value of the δ < 1.25 indicator only
differs by 0.03 from DepthFormer, which is 97% of DepthFormer’s. For δ < 1.253, it even
reaches 99% of DepthFormer’s. Although our method is less accurate than these models,
our computational cost is much lower than these methods. As shown in Figure 5, we
calculated the ratio of depth accuracy (δ < 1.25) to the parameter count. The larger the
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ratio, the more successful the lightweight design (that is, a relatively small computational
cost achieves a higher accuracy).

Table 7. Comparison results with heavyweight methods on the KITTI dataset.

Method Abs Rel
↓ Sq Rel ↓ RMSE ↓ RMSE

log ↓
δ < 1.25

↑
δ < 1.252

↑
δ < 1.253

↑
Params

(M)
δ < 1.25/
Params ↑

Eigen [8] 0.203 1.548 6.307 0.282 0.702 0.898 0.967 141 0.005
Yin [55] 0.072 - 3.258 0.117 0.938 0.990 0.998 114 0.008
BTS [56] 0.059 0.245 2.756 0.096 0.956 0.993 0.998 47 0.020
Adabins [57] 0.058 0.190 2.360 0.088 0.964 0.995 0.999 78 0.012
DPT-Hybrid [58] 0.062 - 2.573 0.092 0.959 0.995 0.999 112 0.008
DepthFormer (Agarwal 2022) [59] 0.058 0.187 2.285 0.087 0.967 0.996 0.999 254 0.004
D-Net [60] 0.056 0.189 2.362 0.087 0.963 0.995 0.999 358 0.003
DepthFormer (Li 2023) [61] 0.052 0.158 2.143 0.079 0.975 0.997 0.999 279 0.004
eViTBins [62] 0.051 0.149 2.126 0.081 0.976 0.997 0.999 98 0.010
HR-DiffusionDepth (Ours) 0.068 0.268 2.730 0.105 0.944 0.991 0.997 6.26 0.151

Note: Depth errors (↓) and depth accuracy (↑) are reported. ↓ indicates that a lower value is better, whereas ↑
indicates that a higher value is better. The best result for each metric is shown in bold.

Figure 5. Ratio of accuracy to parameter count for different models. (a) HR-DiffusionDepth. (b) BTS.
(c) AdaBins. (d) eViTBins. (e) DPT-Hybrid. (f) Yin. (g) Eigen. (h) DepthFormer ([59]). (i) DepthFormer
([61]). (j) D-Net.

From Figure 5, it can be seen that the HR-DiffusionDepth method is far superior to
other methods. This confirms the success of our lightweight design and also indicates that
the HR-DiffusionDepth method has higher computational efficiency and lower compu-
tational cost and is suitable for mobile deployment. We further examined the trade-off
relationship between accuracy (δ < 1.25) and parameter count of the lightweight methods
in Table 3, and presented it in Figure 6 in the form of a Pareto frontier analysis.

Three methods are located on this frontier: TST (1.8 M parameters, δ < 1.25 = 0.866),
Lite-Mono (3.1 M parameters, δ < 1.25 = 0.886), and HR-DiffusionDepth (6.26 M parame-
ters, δ < 1.25 = 0.925). Among them, HR-DiffusionDepth achieves the highest accuracy,
and its parameter count remains at the single-digit-million level, on the same order of
magnitude as the other lightweight methods on the frontier.
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Figure 6. Pareto frontier analysis of accuracy (δ < 1.25) versus parameter count among lightweight
monocular depth estimation methods on the KITTI dataset (640× 192 resolution). The dashed lines
indicate the accuracy and parameter-count thresholds used to define the preferred region and the
large-model region.

4.1.4. The Role of Depth Information

Obtaining depth information is the most important step in the MobileDBH proposed
in this paper, and it is also an important technical approach to reduce the cost of expensive
3D equipment. To quantitatively evaluate the impact of depth information on the accuracy
of DBH estimation, this study designed a control experiment, dividing the input modalities
into two categories: (i) only RGB images and (ii) RGB images from the same perspective
along with their corresponding depth maps. The evaluation indicators selected were the
mean absolute error (MAE) and the root mean square error (RMSE), both of which strictly
measure the systematic deviation between the predicted values and the actual values.
The experimental results are shown in Table 8.

Table 8. DBH estimation accuracy with and without depth information.

Method RMSE (cm) MAE (cm)

RGB only 5.34 4.72
RGB + depth 3.10 2.25

As can be seen from Table 8, when using only RGB input, the RMSE and MAE were
5.34 cm and 4.72 cm respectively. When depth information was introduced, these two
indicators significantly decreased, reaching 3.10 cm and 2.25 cm respectively. This indicates
that due to the lack of depth information, DBH estimation can only be performed at the two-
dimensional level, and tree trunks often exhibit tilted or curved growth. RGB images can
only observe the two-dimensional projection and cannot perceive these three-dimensional
deformations, resulting in larger errors. This result confirms that depth information is
essential in estimating DBH, and adding depth information can significantly improve
the accuracy of DBH estimation. Missing depth information and relying solely on two-
dimensional plane mapping will bring substantial systematic errors.
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4.2. Ablation Study

In this section, we performed ablation studies on the KITTI dataset to validate the contri-
bution of individual components within HR-DiffusionDepth. The goal is to quantitatively
assess how each module and key parameter affects the overall depth estimation performance.

4.2.1. Module Effectiveness

The feature extraction module of HR-DiffusionDepth is primarily composed of two
key components: the EdgeModule and the MultiScaleModule. To assess their individual
impacts, we performed an ablation study on the KITTI dataset with four distinct con-
figurations: (1) baseline (RGB input only); (2) baseline + MultiScaleModule; (3) baseline
+ EdgeModule; and (4) the complete HR-DiffusionDepth model, which integrates both
modules. The corresponding results are summarized in Table 9.

Table 9. Ablation study results of HR-DiffusionDepth.

Model EdgeModule MultiScaleModule Abs Rel ↓ RMSE ↓ δ < 1.25 ↑ Edge Gradient
Consistency ↑

Contour
F-Score ↑

FLOPs
(G)

Baseline × × 0.323 7.031 0.546 0.312 0.286 0.17
Baseline + EdgeModule ✓ × 0.218 5.720 0.663 0.423 0.397 0.19
Baseline +
MultiScaleModule × ✓ 0.0780 ± 0.0026 3.195± 0.039 0.9243 ± 0.0012 0.568 0.542 3.66

HR-DiffusionDepth
(Ours) ✓ ✓ 0.0783± 0.0015 3.126 ± 0.029 0.9243 ± 0.0031 0.632 0.604 4.41

Note: The symbols ✓ and × indicate the presence or absence of a module, respectively. ↓ indicates that a lower
value is better, whereas ↑ indicates that a higher value is better. The best result for each metric is shown in bold.

As presented in Table 9, the baseline, devoid of both edge and multi-scale information,
yields suboptimal accuracy (Abs Rel: 0.323, δ < 1.25: 0.546). A significant improvement
is observed with the MultiScaleModule alone, which achieves a 76% relative reduction in
Abs Rel. Similarly, the EdgeModule in isolation also contributes substantially, lowering
the Abs Rel by 33%. The complete HR-DiffusionDepth model obtains the best RMSE and
matches the highest δ < 1.25 accuracy. This result is visually supported by Figure 7, where
the model with the EdgeModule produces sharper object boundaries and more distinct
long-range structures. In the complete model, the effect of the EdgeModule is also reflected
in a numerical improvement of the RMSE metric, from 3.195± 0.039 to 3.126± 0.029, with a
corresponding increase in FLOPs of approximately 20% (from 3.66 G to 4.41 G). Since RMSE
is more sensitive to a small number of pixels with larger errors than Abs Rel, which is
the linear average of errors across all pixels in the image, such localized improvements
may not be clearly reflected in the two full-image average metrics, Abs Rel and δ < 1.25.
Abs Rel changed from 0.0780 ± 0.0026 to 0.0783 ± 0.0015, while δ < 1.25 remained at
0.9243; see Appendix A Table A1 for per-run results. Besides RMSE, we also computed
two edge-specific metrics, namely Edge Gradient Consistency and Contour F-score, both
evaluated against the ground-truth object boundaries. The complete model achieves values
of 0.632 and 0.604 on these two metrics, respectively, compared with 0.568 and 0.542 for
the configuration using only the MultiScaleModule. We conducted ablation experiments
of the EdgeModule on the SPREAD forest dataset, comparing the configuration using
only MultiScaleModule with the complete model. The results are shown in Table 10.
After adding the EdgeModule, Abs Rel decreased from 0.3982 to 0.3829, RMSE decreased
from 5.6770 to 5.4325, and all other indicators also improved. Since DBH estimation
is highly dependent on the positioning of the tree trunk boundary, the aforementioned
improvement at the boundary level is closely related to this task. This supports the design
choice of retaining the EdgeModule despite the additional computational cost. We also
consider making EdgeModule an optional component in future implementations, allowing
it to be enabled or disabled flexibly based on the available computational budget.
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Table 10. Ablation study results of the EdgeModule on the SPREAD dataset.

Model Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

SPREAD: MultiScale-only 0.3982 3.7707 5.6770 0.4377 0.6371 0.8136 0.8915
SPREAD: HR-DiffusionDepth (Ours) 0.3829 3.4914 5.4325 0.4176 0.6521 0.8226 0.8965

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better. The best result for
each metric is shown in bold.

Figure 7. Qualitative results of the ablation study on the EdgeModule. (a) RGB image. (b) Model
without the EdgeModule. (c) Model with the EdgeModule. The black boxes highlight representative
regions for detailed comparison.

4.2.2. Denoising Steps

To investigate the impact of the number of diffusion inference steps on the model’s
accuracy, we evaluated the model performance under different denoising steps. The results
are shown in Table 11 and Figure 8. As shown in Table 11, when only single-step sam-
pling is used, HR-DiffusionDepth can achieve the optimal accuracy while maintaining the
minimum FLOPs (4.41 G) and the shortest inference time (40.2 ms). As shown in Figure 8,
as the number of steps increases, the model accuracy decreases, while both FLOPs and
inference time increase. These results fully demonstrate that this model can achieve the best
inference performance with the lowest computational cost, further verifying the efficiency
of HR-DiffusionDepth as a single-shot measurement tool.

Table 11. Quantitative results with varying denoising steps.

Step Abs Rel ↓ RMSE ↓ δ < 1.25 ↑ FLOPs (G) Time (ms)

1 0.078 3.120 0.925 4.41 40.2
2 0.080 3.187 0.923 5.48 47.9
3 0.080 3.181 0.922 6.55 41.6
4 0.079 3.160 0.924 7.62 40.5

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better. The best result for
each metric is shown in bold.

Figure 8. Performance trends with varying denoising steps. (a) Abs Rel. (b) RMSE. (c) δ < 1.25.
(d) FLOPs. (e) Time.
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4.2.3. Convolutional Network Depth

In order to investigate the impact of the depth of the denoising network on the accuracy,
we evaluated the performance of the models under different configurations of convolutional
layers. As shown in Table 12 and Figure 9, when the number of convolution layers is
reduced to 2, the model accuracy reaches the optimal level. When the network is further
deepened, the Abs Rel remains stable, while the RMSE first increases and then decreases.
There is no further improvement in overall performance. Therefore, the final design adopts
a 2-layer convolution, with corresponding parameters amounting to only 0.071 M and
FLOPs being only 0.545 G. We further constructed a control model that shares the same
backbone and conditional features with the original model. Only the denoising module
is replaced with a regression decoder (without the noise addition and iterative denoising
process, directly outputting the depth map). The results, reported as mean ± SD over
three runs, are shown in Table 13; see Appendix A Table A2 for per-run results. Under the
condition that the parameter count (6.18 M compared with 6.26 M) and FLOPs (4.26 G
compared with 4.41 G) are similar, the Abs Rel of HR-DiffusionDepth is 0.0783± 0.0015,
the RMSE is 3.126± 0.029, and δ < 1.25 is 0.9243± 0.0031; the corresponding values of the
control model are 0.0863± 0.0025, 3.431± 0.040, and 0.9157± 0.0025.

Table 12. Quantitative results of altering denoising convolutional layers.

Layers Abs Rel ↓ RMSE ↓ δ < 1.25 ↑ Params (M) FLOPs (G)

2 0.078 3.120 0.925 0.071 0.545
4 0.080 3.213 0.921 0.089 0.691
6 0.080 3.192 0.920 0.095 0.733

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better. The best result for
each metric is shown in bold.

Table 13. Comparison between HR-DiffusionDepth and a non-diffusion regression decoder.

Model Abs Rel ↓ RMSE ↓ δ < 1.25 ↑ Params (M) FLOPs (G)

Plain regression decoder 0.0863± 0.0025 3.431± 0.040 0.9157± 0.0025 6.180 4.260
HR-DiffusionDepth (Ours) 0.0783± 0.0015 3.126± 0.029 0.9243± 0.0031 6.260 4.410

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better. The best result for
each metric is shown in bold.

Figure 9. Performance trends when altering denoising convolutional layers. (a) Abs Rel. (b) RMSE.
(c) δ < 1.25. (d) Params. (e) FLOPs.

4.3. Case Study for DBH Estimation

To evaluate the feasibility and accuracy of MobileDBH in real scenarios, we developed
a corresponding DBH estimation app based on the proposed HR-DiffusionDepth model
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(see Figure 10), and collected multiple images from Beijing Forestry University to form a
small field test set, simulating the real field investigation work environment. Specifically,
20 representative trees were selected, and the trunk circumference at 1.3 m was measured
and converted to DBH values (diameter = circumference/π), covering a DBH range of
11.46–30.86 cm.

Figure 10. Complete user workflow for DBH estimation using the app. (a,b) Input RGB images.
(c) Depth map display interface, showing the depth map generated on-device by HR-DiffusionDepth.
(d) Result display interface; the trunk segmentation mask is obtained via a call to the Segment
Anything Model (SAM) API, while the depth map shown here is the same on-device inference result
as in (c).

The DBH values estimated by the application were compared with the manually
measured values, and the results are summarized in Figure 11, Tables 14 and A3. Figure 11
shows a strong linear correlation between the predicted values and the measured values.
Among the 20 field samples, Tree 5 showed the greatest deviation between the predicted
value and the actual measurement (see Appendix A Table A3). The measurement results
for all 20 trees were as follows: RMSE = 3.10 cm, MAE = 2.25 cm. In addition, the Holcomb
method (an existing method based on mobile devices) was used as a benchmark for
comparison. Both methods were scored based on the same 20 trees and the same on-site
photos. The RMSE of HR-DiffusionDepth is lower than that of the Holcomb method
(3.10 cm compared with 3.70 cm), and the MAE of the two methods is comparable (2.25 cm
compared with 2.20 cm). This difference is smaller than the measurement error inherent in
the tape measure itself and the error usually caused by converting the circumference to the
diameter of an irregular tree trunk by dividing by π.
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Table 14. Comparison results of different DBH methods.

Method RMSE (cm) MAE (cm)

Holcomb [5] 3.70 2.20
Our method 3.10 2.25

Note: The best result for each metric is shown in bold.

Figure 11. Correlation between estimated DBH and measured DBH.The colored curves and bars
along the top and right margins show the distributions of measured and estimated DBH values. The
inset shows the distribution of residuals, and the red vertical line indicates the mean residual.

5. Discussion
The experimental results show that HR-DiffusionDepth provides a favorable balance

between depth accuracy and computational cost. Compared with existing lightweight
methods, its advantage is not only reflected in lower Abs Rel and RMSE but also in the fact
that these results are obtained with a compact parameter scale. When sharing the same
HRNet backbone, HR-DiffusionDepth achieves competitive or superior performance with
only 42% of the parameters of HR-Depth. This indicates that replacing the heavy encoder
and fusion structure with the proposed lightweight multi-scale design is an effective
strategy for mobile-oriented monocular depth estimation. Furthermore, we applied the
SPREAD-trained HR-DiffusionDepth model in a zero-shot manner to 101 real images from
the publicly available CanaTree100 dataset [19] (see Appendix A Table A4) to evaluate
depth estimation accuracy. On the SPREAD dataset, HR-DiffusionDepth achieves an Abs
Rel of 0.3829 and an RMSE of 5.43 m; on CanaTree100, Abs Rel is 0.468 and δ < 1.25 is 0.512,
meaning that approximately half of the pixels fall within 25% of the ground-truth depth.

The qualitative results further explain why the proposed framework is suitable for
DBH estimation. In both road-scene and forest-scene examples, the main advantage of
HR-DiffusionDepth appears around object boundaries, where competing methods often
produce depth bleeding, blurred contours, or incomplete separation between foreground
and background. This is particularly important for tree measurement because DBH estima-
tion depends on accurately locating the trunk boundary and estimating its spatial scale.
The ablation study also supports this interpretation: the MultiScaleModule provides the
main performance gain by improving global and contextual depth representation, while
the EdgeModule further reduces large boundary-related errors and produces sharper depth
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maps. Therefore, the combination of multi-scale context and edge cues is more appropriate
for tree measurement scenes than relying on either component alone.

The DBH ablation experiment confirms that depth information is essential rather than
auxiliary in the proposed mobile measurement pipeline. RGB-only estimation is limited to
a 2D projection of the trunk and cannot adequately account for three-dimensional trunk
deformation, camera distance, or local surface geometry. By incorporating monocular depth,
MobileDBH reduces RMSE from 5.34 cm to 3.10 cm and MAE from 4.72 cm to 2.25 cm. This
improvement explains the practical value of replacing expensive 3D equipment with a
smartphone-based depth estimation model: the system retains the low-cost and convenient
acquisition mode of RGB imagery while recovering spatial information needed for reliable
DBH estimation.

The lightweight design also has practical implications for deployment. Although
diffusion-based models often require iterative denoising and therefore introduce additional
latency, our experiments show that one denoising step is sufficient for the best overall
performance. Increasing the number of steps does not improve accuracy and instead
increases FLOPs and inference time. Similarly, deepening the denoising network beyond
two convolutional layers brings no clear benefit. These findings suggest that, in this
task, strong conditional features from the feature extraction and fusion modules are more
important than a deeper or longer denoising process. This observation is consistent with
the goal of mobile deployment, where unnecessary denoising iterations should be avoided.

The in situ app test demonstrates that the proposed method can be integrated into an
operational DBH measurement workflow. The results on all 20 field samples show a lower
RMSE than the Holcomb method, while the two methods achieve a comparable MAE,
supporting the feasibility of smartphone-based DBH estimation. Nevertheless, the field
experiment remains limited in scale and site diversity. We manually annotated the ground-
truth trunk masks for these 20 images and compared them with the corresponding SAM
segmentation results. The obtained average IoU was 0.8507, and the average Dice coefficient
was 0.9086. The per-tree segmentation results are provided in Appendix A Table A5. This
suggests that the end-to-end measurement accuracy still depends on the joint reliability of
depth estimation, trunk segmentation, camera calibration, and user image acquisition.

In future work, the introduction of Explainable Artificial Intelligence (XAI) techniques
is expected to help identify the specific sources of end-to-end DBH measurement errors.
For instance, visualizing the degree of attention paid by the depth estimation model
to the trunk boundary area, or analyzing the contribution ratios of depth information,
segmentation masks, and scale calibration to the final DBH prediction, can help diagnose
abnormal measurement cases more accurately and provide a basis for improving the
model’s robustness. Additionally, more rigorous quantitative evaluations can be conducted
on calibration accuracy (such as reprojection error), and field verification can be extended
to a wider range of tree species, lighting conditions, shooting distances, and angles. At the
same time, parallel comparisons can be made with traditional tape measure measurements
and consumer-grade LiDAR devices. Exploring lightweight and on-device segmentation
solutions to replace the current cloud-based segmentation solution is one of the directions
for future work. For instance, MobileSAM [63] employs a lightweight TinyViT encoder
with approximately 5.78 million parameters, replacing the original ViT-H image encoder of
SAM (with approximately 632 million parameters), reducing the encoder parameter count
by approximately 100 times.

6. Conclusions
This paper presents HR-DiffusionDepth, a lightweight depth estimation network

for mobile devices. Based on this model, we developed the MobileDBH application for
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estimating tree diameters, which requires a single ruler calibration per measurement scene,
after which trees within that scene can be measured simply by taking a photo with a
mobile phone. Compared with manual measurement and LiDAR methods, this method
has clear advantages in terms of hardware cost and operational convenience. Experiments
on multiple datasets show that HR-DiffusionDepth achieves competitive depth estimation
accuracy. In the field DBH estimation test, the MobileDBH system achieved a lower RMSE
than the Holcomb baseline. The proposed DBH estimation method based on monocular
vision shows promising potential in agricultural scenarios such as orchards and plantations.
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Appendix A. Detailed DBH Estimation Results

Table A1. Per-run results of the EdgeModule ablation over three independent runs.

Model Run Abs Rel ↓ RMSE ↓ δ < 1.25 ↑
MultiScale-only 1 0.077 3.185 0.925
MultiScale-only 2 0.081 3.238 0.923
MultiScale-only 3 0.076 3.162 0.925
MultiScale-only Mean 0.0780± 0.0026 3.195± 0.039 0.9243± 0.0012

Complete model (MultiScale + Edge) 1 0.078 3.120 0.925
Complete model (MultiScale + Edge) 2 0.080 3.158 0.921
Complete model (MultiScale + Edge) 3 0.077 3.101 0.927
Complete model (MultiScale + Edge) Mean 0.0783± 0.0015 3.126± 0.029 0.9243± 0.0031

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better.
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Table A2. Per-run results of the non-diffusion regression decoder comparison over three independent
runs.

Model Run Abs Rel ↓ RMSE ↓ δ < 1.25 ↑
Plain regression decoder 1 0.086 3.430 0.916
Plain regression decoder 2 0.089 3.471 0.913
Plain regression decoder 3 0.084 3.392 0.918
Plain regression decoder Mean 0.0863± 0.0025 3.431± 0.040 0.9157± 0.0025

HR-DiffusionDepth (Ours) 1 0.078 3.120 0.925
HR-DiffusionDepth (Ours) 2 0.080 3.158 0.921
HR-DiffusionDepth (Ours) 3 0.077 3.101 0.927
HR-DiffusionDepth (Ours) Mean 0.0783± 0.0015 3.126± 0.029 0.9243± 0.0031

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better.

Table A3. Field measurement results for the 20 field trees.

Tree ID Measured DBH
(cm)

Predicted DBH
(cm) Tree ID Measured DBH

(cm)
Predicted DBH

(cm)

1 23.12 20.38 11 19.42 19.75
2 23.09 19.98 12 19.77 16.88
3 16.24 18.83 13 19.88 23.63
4 24.26 22.94 14 15.85 15.64
5 15.13 24.38 15 30.86 28.73
6 24.68 22.11 16 23.36 23.08
7 19.43 19.31 17 15.96 15.12
8 11.46 16.49 18 24.89 28.98
9 20.38 20.04 19 15.44 13.69

10 14.88 15.61 20 21.31 20.38

Table A4. Comparison between the SPREAD test set and the CanaTree100 real-forest dataset
(zero-shot).

Metric SPREAD Test Set CanaTree100 (Real Forest, Zero-Shot)

Number of samples 1800 101
Abs Rel 0.3829 0.468
RMSE (m) 5.4325 5.917
δ < 1.25 0.6521 0.512
δ < 1.252 0.8226 0.728
δ < 1.253 0.8965 0.848

Table A5. Per-tree SAM trunk segmentation performance for the 20 field trees.

Tree ID IoU Dice Tree ID IoU Dice

1 0.6509 0.7886 11 0.9418 0.9700
2 0.8984 0.9465 12 0.9036 0.9494
3 0.9347 0.9662 13 0.9432 0.9708
4 0.9528 0.9758 14 0.7689 0.8694
5 0.9625 0.9809 15 0.9052 0.9502
6 0.3956 0.5669 16 0.8867 0.9399
7 0.9643 0.9818 17 0.4284 0.5998
8 0.9704 0.9850 18 0.9496 0.9742
9 0.9407 0.9694 19 0.7513 0.8580

10 0.9698 0.9847 20 0.8942 0.9441
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