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Abstract

Accurate estimation of forest carbon storage is critical for cli-
mate mitigation and environmental policy, yet current meth-
ods are constrained by a general trade-off between accu-
racy and scalability. Traditional expert assessments achieve
high precision but incur prohibitive costs, while automated
vision-based systems sacrifice accuracy for efficiency, creat-
ing fundamental barriers to large-scale carbon monitoring.
These barriers include: (1) the high cost of field measure-
ments limiting assessment scope, (2) poor integration of het-
erogeneous data sources (e.g., degraded imagery, noisy mea-
surements, and environmental context) that reduces predic-
tion reliability, and (3) a lack of scientifically-grounded ex-
plainability that undermines policy adoption. To bridge this
gap, we introduce GROVE (Grounded Retrieval Optimized
Vision Estimation), a novel framework that integrates three
core stages: 1) botanical image enhancement to transform de-
graded field imagery into analysis-ready representations; 2)
retrieval-augmented generation (RAG) to ground predictions
in validated scientific literature and species databases; and
3) hierarchical reasoning via a locally-deployed 7B param-
eter language model to synthesize multimodal information
into carbon estimates with explicit uncertainty quantification.
Validated on 25,000 images spanning 50 species across di-
verse global regions, GROVE achieves accuracy approach-
ing expert-level performance (standardized RMSE: 0.42 vs.
0.39 for the i-Tree baseline) while substantially reducing op-
erational costs and enabling offline deployment. Our work
demonstrates that the principled integration of visual data, re-
trieved scientific knowledge, and structured reasoning can si-
multaneously deliver scalability and scientific credibility, of-
fering a viable pathway for evidence-based climate policy.
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Introduction
Forest carbon storage estimation is a cornerstone of global
climate mitigation efforts, providing the essential data that
inform emission reduction targets, carbon offset programs,
and ecosystem conservation strategies (IPCC 2021). As
forests sequester billions of tonnes of atmospheric carbon
annually—offsetting a substantial portion of anthropogenic
CO2 emissions (Pan et al. 2011) — the ability to monitor
carbon stocks accurately and at scale is paramount. How-
ever, comprehensive carbon monitoring remains severely
constrained by a fundamental trade-off between accuracy
and scalability that has persisted despite significant advances
in both remote sensing and machine learning approaches.

Traditional expert methods, such as those implemented
in the i-Tree suite (Nowak, Maco, and Binkley 2018) (Fig-
ure 1a) represent the gold standard for accuracy. In these
approaches, expert technicians manually measure structural
attributes, identify species, and apply validated allometric
equations (Chave et al. 2014) to achieve high-precision car-
bon estimates. While accurate, this methodology imposes in-
surmountable scalability barriers, with costs reaching thou-
sands of dollars per tree for city-scale assessments, ren-
dering it impractical for widespread, continuous monitor-
ing. Conversely, Automated vision-based approaches have
sought to enable scalability through species identification
from imagery (Figure 1b) (Stevens et al. 2024) and biomass
estimation via remote sensing (Dubayah et al. 2020). Yet,
these single-modality methods exhibit inherent limitations:
vision-only models suffer from poor accuracy due to fac-
tors like lighting variability and morphological similarities
across species, while measurement-based models often dis-
card valuable visual information pertaining to tree health and
growth patterns. Even recent multimodal fusion frameworks



Figure 1: Comparative Analysis of Carbon Assessment
Methodologies. (a) Traditional Expert Methods - i-Tree
Baseline. (b) Automated Vision-Based Approaches. (c)
GROVE - Grounded Retrieval Optimized Vision Estimation.

have shown only modest improvements, remaining far from
the accuracy thresholds required for policy-making.

This accuracy-scalability gap persists due to three fun-
damental challenges that we term the multimodal integra-
tion challenge: (1) Heterogeneous data quality— Real-
world data streams combine degraded field imagery with
precise GPS coordinates and noisy height estimates, ne-
cessitating sophisticated fusion strategies beyond simple
concatenation.; (2) Limited scientific grounding— Purely
data-driven models struggle to internalize complex domain
knowledge—such as allometric equations, species-specific
carbon coefficients, and ecological growth patterns—from
limited training samples, leading to predictions that may
violate established ecological principles.; (3) Lack of in-
terpretability— Policy-critical environmental decisions de-
mand explainable predictions with robust uncertainty quan-
tification. Current automated methods typically provide
black-box outputs that are incompatible with regulatory re-
quirements for scientific justification.

Why not commercial APIs? While large vision-
language models like GPT-4V achieve high accuracy on
multimodal tasks, three constraints prevent operational
deployment in environmental monitoring: Cost barri-
ers—API costs become prohibitive for continuous large-
scale monitoring required by municipal budgets; Data
sovereignty—environmental data often contains sensitive
locations (endangered species habitats, private land bound-
aries) requiring local processing incompatible with cloud
APIs; Reasoning opacity—commercial APIs provide pre-
dictions without scientific justification, incompatible with
policy requirements for explicit reasoning traces that enable
expert validation and regulatory compliance.

Recent advancements in retrieval-augmented generation
(RAG) (Lewis et al., 2020) and parameter-efficient lan-
guage models offer promising avenues to address these chal-

lenges. RAG systems have demonstrated robust knowledge-
grounding capabilities in scientific domains (He et al. 2024),
while smaller, localizable models enable cost-effective de-
ployment with full data sovereignty. However, environ-
mental monitoring imposes unique requirements—including
specialized multimodal retrieval that integrates visual simi-
larity, taxonomic relationships, and geographic context; ro-
bust handling of degraded field imagery; and explicit uncer-
tainty quantification—capabilities that remain largely unex-
plored in existing systems.

To this end, we present GROVE (Grounded Retrieval
Optimized Vision Estimation), a novel localized frame-
work that resolves the multimodal integration challenge
through progressive fusion grounded in scientific knowl-
edge. GROVE employs a three-stage sequential pipeline:
Stage One (Botanical Image Enhancement) transforms de-
graded visual data into analysis-ready representations pre-
serving morphological details critical for species identifica-
tion; Stage Two (Retrieval-Augmented Generation) grounds
predictions in validated scientific literature and species
databases, retrieving relevant allometric equations and eco-
logical context; Stage Three (Hierarchical Reasoning) syn-
thesizes enhanced visual features, structural measurements,
environmental context, and retrieved knowledge through a
locally-deployed 7B language model, producing carbon es-
timates with explicit uncertainty quantification and complete
reasoning transparency.

Our key contributions are: (1) A technical framework
that demonstrates systematic integration of degraded visual
data, retrieved scientific knowledge, and structured reason-
ing for environmental monitoring. (2) A practical deploy-
ment solution that achieves competitive accuracy with ex-
pert methods (RMSE: 10.2 vs 9.4 kg C for i-Tree baseline)
while reducing operational costs by 95% through efficient
local inference on consumer hardware. (3) A comprehen-
sive evaluation on 25,000 images from 50 species across
diverse global regions, with systematic comparison with ex-
pert methods and automated baselines, which shows 45%
RMSE reduction over image-only approaches. (4) Scientific
grounding that enables explainable predictions with uncer-
tainty quantification, addressing the critical need for trust-
worthy AI in environmental science and policy.

Method

Problem Formulation

Given a degraded field image I ∈ RH×W×3, species identi-
fier s, location coordinates L, and environmental context E,
our goal is to estimate forest carbon storage C with uncer-
tainty bounds U : f(I, s, L,E) → (C,U) where f provides
explainable reasoning traces for policy validation. The key
challenge lies in systematically integrating heterogeneous
data quality—pristine GPS coordinates coexisting with de-
graded imagery and noisy measurements—while maintain-
ing scientific grounding and interpretability.



GROVE Framework Architecture
GROVE addresses the multimodal integration challenge
through a three-stage sequential pipeline that progressively
enhances data quality, retrieves scientific knowledge, and
synthesizes information through structured reasoning (Fig-
ure 2).

Stage One: Botanical Image Enhancement Traditional
image enhancement optimizes perceptual quality, but carbon
estimation requires the preservation of botanical features
critical for species identification and biomass assessment.
Our enhancement pipeline applies three sequential transfor-
mations (Figure 2a):

Ienhanced = Ebot(Esr(Edeblur(Ideg))) (1)

where Ideg is the degraded input image, and each enhance-
ment operation employs specialized loss functions that tar-
get different quality aspects. The deblurring operation Edeblur
restores edge sharpness through Total Variation regulariza-
tion, the super-resolution operation Esr recovers fine details
using adversarial training, and the botanical enhancement
Ebot preserves essential morphological features for species
identification such as leaf venation patterns, bark texture
characteristics, and branch structure geometry.

Each enhancement operation employs specialized loss
functions:

Ldeblur = ∥I ′ ⊗ k − I∥22 + λ1RTV(I
′) (2)

Lsr = LGAN(Gθ(I)) + βLcontent(I) (3)
Lbot = Lperceptual + αLmorph (4)

Botanical morphological loss Lmorph specifically pre-
serves critical features through the weighted combination of
terms of edge preservation, texture consistency, and color fi-
delity:

Lmorph = β1Ledge + β2Ltexture + β3Lcolor (5)

Following enhancement, quality assessment produces a
composite metric measuring overall image fidelity (Fig-
ure 2b):

Qtotal = αQPSNR + βQSSIM + γQbot (6)

where QPSNR measures the signal-to-noise ratio, QSSIM cap-
tures structural similarity, and Qbot specifically evaluates the
preservation of botanical characteristics. From this quality
assessment, we extract two complementary feature repre-
sentations that address different aspects critical for down-
stream carbon estimation (Figure 2c). Global quality fea-
tures fglobal ∈ R256 encode overall image characteristics in-
cluding sharpness, contrast, and noise level, serving to guide
the intensity of subsequent processing operations. Severely
degraded images with low global quality scores require ag-
gressive enhancement, while high-quality images need only
minimal adjustment to avoid introducing artifacts. In con-
trast, local botanical features flocal ∈ R512 capture fine-
grained morphological details such as leaf shape variations,

bark pattern textures, and branch architecture, which are ex-
tracted from deep convolutional layers of the enhancement
network and prove essential for accurate species identifica-
tion and biomass assessment.

The rationale for fusing these two types of features lies
in enabling adaptive processing that balances enhancement
effectiveness with detail preservation. Global features de-
termine the appropriate enhancement strength for the given
degradation level, while local features ensure that critical
botanical characteristics survive the enhancement process
without being smoothed away or distorted. We compute the
fused representation through an attention-weighted combi-
nation:

ffused = αfglobal + (1− α)flocal + CrossAttn(fglobal, flocal)
(7)

where α is learned during training to balance global and
local information, and the cross-attention mechanism cap-
tures complementary interactions between the two types of
features. This fused representation then informs the adap-
tive threshold selection for the processing strategy. Based on
the overall quality score Qtotal, we apply three-tier process-
ing strategies designed to optimize the trade-off between en-
hancement effectiveness and computational efficiency while
minimizing artifact introduction. Images with Qtotal > 0.7
undergo light enhancement with a single iteration focus-
ing primarily on color correction, as these high-quality im-
ages require minimal processing. Images in the intermediate
range 0.4 < Qtotal ≤ 0.7 receive standard enhancement with
two iterations applying the full pipeline, representing the
typical field photography scenario. Images with Qtotal ≤ 0.4
undergo aggressive enhancement with three iterations prior-
itizing deblurring operations, as severe degradation necessi-
tates more intensive processing. This adaptive thresholding
strategy prevents over-enhancement of already clear images
while ensuring sufficient restoration for severely degraded
inputs, ultimately producing analysis-ready representations
that preserve the botanical features essential for accurate car-
bon storage estimation.

Stage Two: Retrieval-Augmented Generation Scientific
grounding requires integration of domain knowledge beyond
what can be learned from limited training samples alone.
Carbon storage estimation depends critically on allometric
equations, species-specific growth patterns, and ecological
relationships that cannot be reliably inferred from visual
data alone. Given enhanced features F = ϕ(Ienhanced) ex-
tracted from the processed image, species identifier s, geo-
graphic location L, and environmental context E, our RAG
system retrieves relevant scientific knowledge from a com-
prehensive multi-source repository:

K =
⋃
p∈P

Rp(F, s, L,E) (8)

where P = {visual, species, context, uncertainty} repre-
sents four specialized retrieval pathways, and K denotes
the set of retrieved knowledge passages. Each pathway ad-
dresses distinctive information needs through specialized



Figure 2: Comprehensive GROVE framework architecture for forest carbon storage estimation. The framework integrates three
sequential stages: Stage One (left): Botanical Feature-Enhanced Image Processing with (a) multi-level enhancement architec-
ture, (b) quality assessment and reliability evaluation, (c) feature extraction for botanical characteristics. Stage Two (bottom):
Domain-Specific RAG Knowledge Retrieval featuring (d) adaptive multi-path retrieval strategy and (e) knowledge integration
with contextual augmentation. Stage Three (right): Hierarchical LLM Contextual Reasoning implementing (g) five-stage pro-
gressive reasoning architecture, (h) structured prompt engineering and knowledge integration, (i) uncertainty quantification and
confidence assessment.

similarity functions optimized for its respective data modal-
ity (Figure 2d).

The visual pathway retrieves reference images exhibiting
similar morphological characteristics using CLIP embed-
dings, providing visual comparison cases that aid in species
verification and biomass estimation through analogical rea-
soning. Visual similarity is computed as:

simvis(q, d) = cosine(CLIP(q),CLIP(d)) (9)
where q represents the query image features and d represents
the database image features in the shared CLIP embedding

space. The species pathway retrieves allometric equations
and carbon coefficients specific to the identified species or
taxonomically similar species from peer-reviewed literature
and species databases. This pathway combines exact key-
word matching through BM25 with semantic understanding
through dense retrieval:

simsp(q, d) = α · BM25(q, d) + (1− α) · dense(q, d)
(10)

where the query q consists of the species name and tax-
onomic family, the document d represents a passage from



the scientific literature corpus, and α = 0.6 balances exact
matching (crucial for retrieving species-specific equations)
with semantic similarity (important for finding applicable
equations from related species when species-specific data
is unavailable). The context pathway retrieves environmen-
tal information relevant to the geographic location and local
ecological conditions:

simctx(q, d) = wg · GeoSim(Lq, Ld) + we · EnvSim(Eq, Ed)
(11)

where GeoSim measures geographic proximity between
query location Lq and document location Ld using Haver-
sine distance, and EnvSim measures environmental similar-
ity through the comparison of temperature ranges, precipi-
tation patterns, and soil conditions between query environ-
ment Eq and document environment Ed. Finally, the un-
certainty pathway retrieves reference cases that encountered
similar image quality challenges or measurement uncertain-
ties, enabling the calibration of confidence estimates based
on analogous scenarios.

Retrieved passages {k1, k2, ..., kN} from all pathways un-
dergo attention-based fusion to produce a unified knowledge
representation (Figure 2e):

Kfused =

N∑
i=1

αiki, αi =
exp(si/τ)∑
j exp(sj/τ)

(12)

where the relevance score si incorporates multiple factors,
including query similarity (how well the passage matches
the information need), source reliability (peer-reviewed pa-
pers weighted higher than general databases), and recency
(recent studies weighted higher to capture latest scientific
understanding). The temperature parameter τ = 0.5 con-
trols the sharpness of the attention distribution, with lower
values concentrating weight on the most relevant passages
and higher values distributing the weight more uniformly
across retrieved knowledge. This fusion mechanism pro-
duces Kfused, a comprehensive knowledge representation en-
coding relevant allometric equations, ecological context, and
reference cases that ground subsequent reasoning in vali-
dated scientific principles rather than learned patterns alone.

Stage Three: Hierarchical LLM Reasoning The final
stage synthesizes multimodal information through struc-
tured reasoning that mimics expert assessment procedures.
We deploy LLaMA-2-7B-Chat with 4-bit quantization for
efficient local inference, enabling offline operation while
maintaining sufficient reasoning capacity. The reasoning
process implements a five-stage hierarchical pipeline (Fig-
ure 2g) where each stage builds upon previous outputs to
progressively refine the carbon storage estimate:

{r1, r2, r3, r4, r5} = LLMθ(Prompti(I,K, r<i)) (13)

where ri denotes the reasoning output in stage i, r<i repre-
sents all previous reasoning outputs, and Prompti is a struc-
tured prompt integrating enhanced visual features I , fused

knowledge K, and prior reasoning context. The first stage
r1 performs species verification by cross-validating the re-
ported species identifier against visual morphological fea-
tures and retrieved taxonomic knowledge, identifying dis-
crepancies that might indicate misidentification. The second
stage r2 estimates structural measurements including tree
diameter and height from visual cues, leveraging environ-
mental context and reference cases to calibrate estimates and
quantify measurement uncertainty. The third stage r3 selects
the most appropriate allometric equation from retrieved sci-
entific literature based on species match, climate zone com-
patibility, and measurement range validity, explicitly justi-
fying the selection through the comparison with alternative
equations. The fourth stage r4 applies the selected equation
to calculate carbon storage, propagating uncertainties from
measurement errors, equation coefficients, and environmen-
tal adjustments through the computation. The fifth stage r5
performs integrated assessment by synthesizing all previous
stages, checking consistency across reasoning steps, com-
paring results with similar reference cases, and assigning
an overall confidence grade based on the reliability of each
component.

Structured prompt engineering ensures systematic anal-
ysis while grounding predictions in scientific knowledge
(Figure 2h). Each stage receives a prompt containing four
key components: enhanced visual features providing mor-
phological information, relevant retrieved knowledge Kfused
supplying scientific context, previous reasoning outputs r<i

establishing the analytical foundation, and stage-specific in-
structions defining the reasoning task and expected output
format. This structure guides the language model to perform
methodical analysis following expert protocols while main-
taining explicit connections between observations, scientific
principles, and conclusions. The prompts enforce structured
output in JSON format to facilitate parsing and validation of
reasoning traces.

The final carbon estimate integrates outputs across all rea-
soning stages through learned weighted combination:

Cfinal =

5∑
i=1

wi · Ci, where
5∑

i=1

wi = 1 (14)

with weights wi learned during training to emphasize stages
proven more reliable based on validation performance. This
multi-stage integration provides robustness against errors in
individual reasoning steps, as the final estimate reflects con-
sensus across multiple analytical perspectives. Uncertainty
quantification decomposes the total prediction uncertainty
into interpretable components (Figure 2i):

Uepi = Var[C|model] (15)
Uale = E[Var[C|data,model]] (16)
Utotal = Uepi + Uale (17)

where epistemic uncertainty Uepi captures model confidence
and reflects reducible uncertainty that can be decreased
through additional training data or model improvements,



while aleatoric uncertainty Uale represents inherent data vari-
ability arising from measurement noise and environmental
stochasticity that cannot be reduced through better models.
This decomposition enables practitioners to distinguish be-
tween uncertainty sources requiring model refinement ver-
sus fundamental limitations necessitating improved data col-
lection protocols, supporting informed decisions about when
automated estimates are sufficiently reliable and when ex-
pert validation is warranted.

Prompt Engineering and RAG Integration Mecha-
nism.

The integration of retrieved knowledge into LLM reason-
ing prompts follows a structured template design that en-
sures systematic grounding in the scientific literature while
maintaining reasoning flexibility. Each stage receives a dy-
namically constructed prompt with four interconnected sec-
tions. The context section provides essential background
including enhanced visual features represented as descrip-
tive attributes extracted from Ienhanced, previous reasoning
outputs r<i formatted as structured summaries, and en-
vironmental metadata including species identifier s, loca-
tion L, and ecological context E. The knowledge section
then injects the retrieved passages from Kfused in a struc-
tured format presenting each passage with source attribu-
tion, relevance score, and key content excerpt—for exam-
ple: “[Source: Chave et al. 2014, Global Change Biology,
relevance: 0.92] For Quercus alba in temperate zones: C
= 0.235 × DBH2.41 with standard error ±8%”. This ex-
plicit attribution enables the LLM to evaluate source cred-
ibility and appropriately weight different pieces of retrieved
knowledge. The instruction section defines the specific rea-
soning task for stage i, expected output format, and explicit
requirements to ground conclusions in the provided retrieved
knowledge rather than relying solely on parametric mem-
ory. Finally, the constraint section enforces structured output
through JSON schema specification and uncertainty quan-
tification requirements.

The template structure for the prompt for stage i follows the
general form:

1 CONTEXT:
2 Enhanced Image Analysis: {

visual_features}
3 Previous Reasoning: {r_<i}
4 Species: {s}, Location: {L},

Environment: {E}
5
6 RETRIEVED SCIENTIFIC KNOWLEDGE:
7 for each passage k in K_fused:
8 [Source: {k.source}, Relevance: {k.

score}]
9 {k.content}

10
11 TASK: {stage_specific_instructions[i]}
12
13 REQUIREMENTS:
14 Ground reasoning in retrieved

knowledge above
15 Cite specific sources for scientific

claims

16 Quantify uncertainty in estimates
17 Output format: {JSON_schema[i]}

This template ensures that the retrieved knowledge is
prominently positioned before task instructions, encourag-
ing the LLM to prioritize grounded reasoning over para-
metric recall. The integration mechanism dynamically filters
retrieved passages based on stage-specific relevance—for
instance, stage r3 (equation selection) receives primarily
species pathway and context pathway retrievals, while stage
r2 (structural measurement) receives primarily visual path-
way and uncertainty pathway retrievals. This selective injec-
tion reduces prompt length and focuses the LLM’s attention
on stage-relevant information. The complete prompt engi-
neering specifications and stage-specific template variations
are detailed in Appendix .

Training and Optimization
Multi-Stage Optimization: Each stage employs specialized
loss functions as illustrated in the training strategy frame-
work (Figure 2, bottom panel):

L1 = LMSE(Ienh, Igt) + λLmorph (18)

L2 = −
N∑
i=1

logP (reli|qi, di) (19)

L3 = LMSE(Cpred, Ctrue) + βLunc (20)

End-to-End Integration: Joint training employs:

Ltotal = λ1L1 + λ2L2 + λ3L3 + λ4Lcons (21)
where the consistency loss ensures coherence across

stages:

Lcons = ∥Feat1 − StopGrad(Featjoint)∥22 (22)

Parameter-Efficient Fine-tuning: Stage 3 LLM em-
ploys LoRA:

W ′ = W +
α

r
BA (23)

where B ∈ Rd×r, A ∈ Rr×k with rank r = 16, updating
only 0.1% of parameters while maintaining performance.

Experimental Design
Multimodal Dataset Construction
Our experimental framework operates on a comprehensive
multimodal dataset integrating four distinct data modalities
essential for robust forest carbon storage estimation (Fig-
ure 3).

Visual Data Component. The core dataset comprises
25,000 urban tree images from 50 globally distributed
species organized into four hierarchical tiers based on ur-
ban management importance (McPherson, van Doorn, and
Peper 2016): T1 (Core Street Trees - common urban species
with high management priority), T2 (Basic Street Trees -



Figure 3: Multimodal dataset overview for forest carbon
storage estimation. (a) Global study site distribution across
102 countries with species composition by hierarchical tiers.
(b) Degraded urban tree image samples demonstrating sys-
tematic degradation strategies simulating realistic field con-
ditions. (c) Botanical knowledge base architecture integrat-
ing scientific literature, species databases, and visual refer-
ences through RAG-enhanced retrieval. (d) Environmental
context data integration including soil, temperature, humid-
ity, and precipitation patterns.

standard urban forestry species), T3 (Supplementary Street
Trees - secondary management species), and T4 (Featured
Street Trees - rare or specialized species with unique char-
acteristics).

The dataset follows a dual-component structure de-
signed to evaluate both baseline accuracy and real-world
robustness: (1) Ground Truth Dataset containing 5,000
high-quality reference images captured under optimal pho-
tographing conditions, serving as clean baselines for i-Tree
validation and algorithm development; (2) Robustness Eval-
uation Dataset comprising 20,000 images derived from au-
thentic field-collected photographs sourced from municipal
forestry programs and citizen science initiatives across 102
countries. To systematically evaluate algorithm robustness
under realistic deployment conditions, these field-collected
images undergo controlled degradation through four strate-
gies simulating common quality challenges: motion blur
(handheld camera shake), additive noise (low-light con-
ditions), exposure variation (weather and time-of-day ef-
fects), and atmospheric interference (fog, haze, and precipi-
tation) (Cai et al. 2025; Liu et al. 2025). This design ensures
that our evaluation captures both the natural variability in-
herent in field photography and the controlled stress-testing
necessary for systematic performance analysis.

Knowledge Base Integration. The RAG system incorpo-
rates a multi-source knowledge repository totaling 2.3GB:
scientific literature corpus (12,847 peer-reviewed documents
on allometric equations and carbon modeling), species-
specific databases (taxonomic attributes, growth patterns,
carbon coefficients for 50 species) (Lamahewage et al. 2025;

Fayad et al. 2025), urban context knowledge (climate clas-
sifications, urbanization metrics for 102 regions), and vali-
dated image-measurement reference pairs (5,000 cases with
ground-truth carbon values) (Lewis et al. 2020; Zheng et al.
2025). The retrieval mechanism leverages recent advances
in multimodal RAG architectures to enhance knowledge in-
tegration across diverse data modalities (Gupta et al. 2024;
Klesel and Wittmann 2025).

Environmental Context and Annotation. Environmen-
tal parameters crucial for accurate carbon storage estima-
tion include soil conditions, temperature ranges, humidity
levels, and precipitation patterns for each geographic loca-
tion (Nguyen and Saha 2024; Yuan et al. 2025). Ground truth
carbon storage values were established using validated allo-
metric equations from i-Tree methodology (McPherson, van
Doorn, and Peper 2016; Lee et al. 2025), with expert veri-
fication achieving species identification accuracy exceeding
95% (Speak et al. 2020; Velasco and Chen 2019).

Evaluation Protocol and Baseline Comparison
Dataset Partitioning. The dataset is partitioned using strat-
ified sampling: training (15,000 images, 60%), validation
(5,000 images, 20%), and test (5,000 images, 20%), main-
taining balanced representation across species tiers, geo-
graphic regions, and image quality levels (Nguyen and Saha
2024; Tian et al. 2023).

Evaluation Settings. We evaluate under two operational
scenarios: Setting A (Species Known) where methods receive
degraded image + species identification + geographic loca-
tion, simulating deployment with existing urban tree inven-
tories; Setting B (Species Unknown) where methods receive
only degraded image + location, testing end-to-end capabil-
ity including species identification (Wang et al. 2025b; Feng
et al. 2024).

Baseline Methods. We establish five representative base-
line methods enabling systematic quantification of the con-
tribution of each framework component (Fostiropoulos and
Itti 2023; Xu et al. 2024) (Table 1).

Table 1: Baseline method configurations for systematic com-
ponent evaluation

Method Vis KB LLM Category
i-Tree Expert Traditional Expert
Vision Transformer ✓ Deep Learning
RAG + Weighted Avg ✓ ✓ RAG Only
GPT-4V ✓ ✓ Commercial API
GROVE (Ours) ✓ ✓ ✓ Full Pipeline

Note: ✓ indicates component utilization. Vis = Visual processing
with image enhancement; KB = Knowledge base integration via
RAG; LLM = Large language model reasoning. i-Tree represents
the traditional expert assessment gold standard.

Vision Transformer establishes the deep learning base-
line using ViT-B/16 architecture fine-tuned for carbon stor-



age estimation (Illarionova et al. 2022; Jiang and Mao
2025). RAG + Weighted Average tests the knowledge re-
trieval value without LLM reasoning through the similarity-
based average of retrieved cases from the scientific liter-
ature corpus (Lewis et al. 2020; Yu et al. 2024). GPT-
4V evaluates the capibility of commercial large language
models with vision-language understanding for multimodal
carbon estimation (Singh et al. 2025; Cong et al. 2022).
Our complete GROVE framework integrates all three com-
ponents—enhanced visual processing, retrieval-augmented
knowledge, and structured LLM reasoning—for compre-
hensive multimodal analysis (Zheng et al. 2025; Gu 2025).

Performance Metrics. Carbon storage estimation accu-
racy is assessed using three complementary metrics that cap-
ture different aspects of prediction quality: Mean Absolute
Error (MAE) for interpretable error magnitude in kg C, pro-
viding direct understanding of typical prediction deviations;
Root Mean Square Error (RMSE) for sensitivity to large de-
viations and outlier handling, emphasizing prediction reli-
ability; and Mean Absolute Percentage Error (MAPE) for
scale-independent comparison between different tree sizes
and species, enabling fair evaluation across diverse carbon
storage ranges (Abdar et al. 2021; Kendall and Gal 2017).

Metric Standardization. To enable direct compari-
son between different error metrics and facilitate visu-
alization, all performance values are standardized to a
0-1.0 scale using the formula: normalized value =
(original error/max error) × 1.0 (Angelopoulos and
Bates 2021; Guo et al. 2017). This normalization preserves
the intuitive ”lower is better” interpretation while providing
a unified comparison framework across MAE, RMSE, and
MAPE metrics.

Statistical Validation. Performance evaluation employs
5-fold stratified cross-validation with statistical significance
testing via Friedman ANOVA (= 0.05) and Wilcoxon
signed-rank post-hoc analysis for pairwise method compar-
isons (Wang et al. 2025a; He et al. 2023). Effect sizes are
quantified through Cohen’s d, with results reported includ-
ing 95% confidence intervals to ensure robust statistical con-
clusions and reproducible findings (Jospin et al. 2022; Lak-
shminarayanan, Pritzel, and Blundell 2017). All statistical
tests are conducted on both original and standardized met-
rics to ensure validity across different scales.

Ablation Studies and Analysis Framework
Component Contribution Analysis. Systematic ablation
study quantifies the contribution of every stage of the frame-
work through progressive component removal (Melis, Dyer,
and Blunsom 2017; Hooker et al. 2020): (1) w/o Image
Enhancement using raw degraded images directly fed to
downstream components, (2) w/o RAG Knowledge Retrieval
using only visual features without scientific literature in-
tegration, (3) w/o LLM Structured Reasoning using sim-
ple weighted averaging of enhanced features and retrieved
knowledge (Cai et al. 2025; Anandhi and Jaiganesh 2025).
This hierarchical ablation isolates individual component

value and identifies synergistic effects emerging from inte-
grated multimodal operation (Hooker et al. 2020). Compo-
nent contributions are measured as relative error reduction
percentages from the baseline Vision Transformer perfor-
mance.

Cross-Domain Generalization Analysis. Framework ro-
bustness is systematically evaluated across multiple do-
main shift scenarios: species transfer (T1→T4 adaptation
from common urban trees to featured species), geographic
transfer (cross-regional adaptation), climate zone transfer
(climatic condition adaptation), and urban density transfer
(urbanization level effects). Generalization performance is
quantified through error increase percentages from baseline
performance, adaptation efficiency metrics, and domain gap
sensitivity measurements to assess real-world deployment
feasibility (Zeng et al. 2024; Li et al. 2021).

Uncertainty Quantification Evaluation. We conduct
comprehensive analysis of GROVE’s uncertainty estimation
capabilities through multiple calibration metrics: prediction
interval coverage analysis at 95% confidence, Expected Cal-
ibration Error (ECE) measurement for reliability assess-
ment, and epistemic versus aleatoric uncertainty decompo-
sition to understand model versus data uncertainty contri-
butions (Abdar et al. 2021; Kendall and Gal 2017). Uncer-
tainty metrics maintain their original scales as they represent
intrinsic calibration quality rather than performance com-
parisons (Guo et al. 2017; Wang et al. 2025a). The evalua-
tion incorporates recent advances in evidential deep learning
and conflict-aware uncertainty quantification (van Amers-
foort et al. 2020; Barker, Bethell, and Gerasimou 2025).

Failure Mode Characterization. Systematic analysis
identifies conditions leading to performance degradation:
taxonomic distance effects (performance variation with phy-
logenetic similarity to training species), knowledge cover-
age gaps (impact of limited scientific literature for specific
species), extreme environmental conditions (performance
under unusual climate or urban settings), and image qual-
ity thresholds (degradation levels where visual enhance-
ment becomes insufficient) (Ovadia et al. 2019; Mukhoti
et al. 2023). Failure modes are characterized using standard-
ized error metrics to maintain consistency with the over-
all evaluation framework (Gal and Ghahramani 2016; Lak-
shminarayanan, Pritzel, and Blundell 2017). Advanced un-
certainty quantification techniques enable robust failure de-
tection and safe deployment in critical applications (Abdar
et al. 2021).

Deployment Configuration and Efficiency

Hardware and Runtime. GROVE is deployed on a server
equipped with 8× NVIDIA RTX 3090 (24GB VRAM each)
for evaluation. Computational cost breaks down as: image
enhancement (22%), RAG retrieval (18%), and LLM rea-
soning (60%). The system operates entirely offline after the
initial deployment, ensuring data sovereignty for sensitive
environmental monitoring applications.



Figure 4: Ablation study demonstrating component contributions of GROVE framework.

Experiment Results
Overall Performance Comparison
Table 2 demonstrates GROVE’s competitive performance
with expert methods through standardized metrics. GROVE
achieves normalized RMSE of 0.42±0.03, representing a
10.5% increase compared to the expert baseline i-Tree Ex-
pert (0.38±0.02) while maintaining competitive accuracy for
an automated system. Compared to automated baselines,
GROVE demonstrates substantial improvements: 46.2% er-
ror reduction over Vision Transformer (0.42 vs 0.78), 31.1%
improvement over RAG + Weighted Average (0.42 vs 0.61),
and 12.5% error reduction compared to GPT-4V (0.42
vs 0.48). These results indicate that GROVE approaches
expert-level performance while significantly outperform-
ing existing automated methods, suggesting effective in-
tegration of multimodal information for carbon estimation
tasks. The relatively small gap with expert methods (10.5%)
demonstrates the potential for automated systems to comple-
ment traditional assessment approaches in large-scale car-
bon monitoring applications where expert resources are lim-
ited or cost-prohibitive.

Ablation Study
Figure 4 demonstrates the contribution of the individual
component through systematic ablation analysis. Each ab-
lation experiment was conducted using identical training
procedures and evaluation protocols to ensure a fair com-
parison. Ablation analysis reveals each component’s critical
contribution to overall performance, with GROVE achieving
the lowest errors across all metrics (RMSE: 0.42±0.03). The
w/o Image Enhancement configuration increases RMSE to
0.55 ± 0.04 (31% degradation), while w/o RAG Knowledge
Retrieval causes larger deterioration to 0.62 ± 0.05 (48%
increase). The most severe impact occurs with w/o LLM
Structured Reasoning (RMSE: 0.65 ± 0.06, 55% increase),
suggesting that structured multimodal integration may pro-
vide essential capabilities beyond simple feature combina-

tion. The substantial performance degradation without LLM
structured reasoning highlights the critical role of intelligent
synthesis in multimodal carbon estimation tasks.

Each component addresses distinct challenges: image en-
hancement improves data quality, RAG knowledge retrieval
provides scientific grounding, and LLM structured reason-
ing enables sophisticated multimodal synthesis. These re-
sults suggest largely independent component contributions,
though potential synergistic effects between components
warrant further investigation. The cumulative effect vali-
dates our multimodal integration approach for accurate car-
bon estimation, with the hierarchical importance clearly
demonstrating that reasoning capabilities appear to be fun-
damental to the framework’s success.

Cross-Domain Generalization Analysis
Table 3 evaluates GROVE’s robustness across different do-
mains and conditions. GROVE demonstrates robust general-
ization across multiple domain shifts, with species transfer
from common urban trees to rare species showing 13.8%
error increase, geographic transfer across different regions
showing similar performance degradation (12.9% error in-
crease), while the framework exhibits particular resilience
to urban density variations with only 6.8% error increase
from baseline performance. Such resilience to density shifts
indicates that the multimodal integration approach effec-
tively captures transferable features across different envi-
ronmental contexts, with the relatively consistent perfor-
mance degradation patterns across transfer scenarios (rang-
ing from 6.8% to 13.8%) suggesting that the framework
maintains its fundamental capabilities while adapting to new
domains. The RAG knowledge component potentially pro-
vides essential domain-specific information that enables ef-
fective generalization without requiring complete retrain-
ing, as evidenced by the bounded error increases across all
tested conditions. However, the increased uncertainty in cer-
tain transfer scenarios—particularly species and geographic
transfers—indicates that specific domain shifts remain chal-



Table 2: Performance comparison across baseline methods (standardized)

Method MAE RMSE MAPE
i-Tree Expert 0.44±0.02 0.39±0.02 0.40±0.02
GROVE (Ours) 0.47±0.03 0.42±0.03 0.44±0.03
GPT-4V 0.52±0.03 0.48±0.03 0.48±0.03
Vision Transformer 0.74±0.05 0.78±0.05 0.76±0.04
RAG + Weighted Avg 0.63±0.04 0.61±0.04 0.61±0.04

Values normalized to 0-1 scale (lower better). Results averaged across 5-fold cross-validation with 95% confidence intervals. Setting A
(Species Known) results shown.

Table 3: Cross-domain generalization performance analysis (standardized)

Transfer Setting MAE RMSE MAPE
Baseline (Same Domain) 0.49±0.03 0.44±0.03 0.47±0.03
Species Transfer (Common→Rare) 0.56±0.05 0.50±0.04 0.53±0.04
Geographic Transfer 0.57±0.04 0.49±0.05 0.52±0.04
Climate Zone Transfer 0.55±0.04 0.49±0.03 0.51±0.03
Urban Density Transfer 0.52±0.03 0.47±0.03 0.49±0.03
Error Increase: Species: +13.8%, Geographic: +12.9%, Climate: +11.4%, Urban: +6.8%

lenging and may require targeted improvements in knowl-
edge base coverage or specialized fine-tuning protocols to
achieve performance parity with baseline conditions.

Uncertainty Quantification Analysis
GROVE’s uncertainty quantification demonstrates excellent
calibration performance across multiple evaluation metrics,
with 95% prediction intervals achieving 94.7 ± 0.8% cov-
erage and reasonable interval width (6.2 ± 0.4 kg C), in-
dicating well-calibrated confidence estimates. The frame-
work exhibits strong sharpness (0.91) and high reliability
(0.96), demonstrating that uncertainty estimates effectively
discriminate between high and low confidence predictions.
Expected Calibration Error (ECE) of 0.067 confirms excel-
lent calibration quality, well below typical thresholds for
reliable uncertainty quantification. Uncertainty decomposi-
tion reveals that epistemic uncertainty dominates (64%) over
aleatoric uncertainty (36%), indicating that model uncer-
tainty rather than inherent data noise is the primary source of
prediction variance. Additionally, species dependency anal-
ysis reveals that GROVE appropriately adjusts confidence
based on taxonomic complexity, with low variance species
(σ = 0.8) exhibiting more reliable estimates than high vari-
ance species (σ = 2.1), demonstrating adaptive uncertainty
estimation across diverse ecological contexts.

Statistical Validation and Policy Impact
Friedman ANOVA confirms significant differences across
methods (χ2(4) = 78.4, p < 0.001), with GROVE sig-
nificantly outperforming all automated baselines (Wilcoxon
p < 0.01, Cohen’s d > 0.8). Pairwise comparisons reveal
statistically significant improvements over Vision Trans-
former (p < 0.001, d = 1.23) and RAG baseline (p < 0.01,
d = 0.89), indicating large practical significance beyond
statistical significance. However, GROVE exhibits increased
error in three specific scenarios: severely damaged speci-
mens with canopy loss > 70% (normalized error increases

to 0.65±0.05), rare species with limited training data (< 50
samples, error: 0.59±0.04), and extreme environmental con-
ditions outside the training distribution (error: 0.53± 0.03).
Error analysis reveals that approximately 85-90% of failures
occur due to insufficient botanical knowledge retrieval rather
than visual processing limitations, providing clear guidance
for system improvement through enhanced knowledge base
expansion and specialized training protocols for edge cases.

Conclusion
This research work successfully addresses the longstanding
accuracy-scalability trade-off in operational forest carbon
monitoring. Where traditional expert assessments achieve
high precision at prohibitive cost, and automated vision-
based systems sacrifice accuracy for efficiency, our frame-
work, GROVE (Grounded Retrieval Optimized Vision
Estimation), forges a viable middle path. By integrating
botanical image enhancement, retrieval-augmented genera-
tion, and hierarchical reasoning via a locally-deployed 7B
language model, GROVE directly tackles the fundamental
barriers of cost, data heterogeneity, and lack of explainabil-
ity.

Comprehensive evaluation on a large-scale, multimodal
dataset of 25,000 images spanning 50 species across di-
verse global regions confirms the framework’s efficacy.
GROVE achieves accuracy approaching expert-level perfor-
mance (standardized RMSE: 0.42 vs. 0.39 for the i-Tree
baseline) while substantially outperforming all automated
baselines, delivering a 46% error reduction over vision-only
approaches. Crucially, it accomplishes this outcome with a
substantail reduction in operational costs, demonstrating a
scalable and economically viable model for large-scale car-
bon assessment. Systematic ablation studies revealed that
structured reasoning was the most critical component, con-
tributing to a 55% performance gain and underscoring that
intelligent multimodal synthesis is essential for bridging the
accuracy-scalability gap.



The implications of this research extend beyond the
specific task of carbon estimation. GROVE establishes a
blueprint for building trustworthy AI systems in environ-
mental science, where predictions are expected to be both
accurate and also scientifically grounded, interpretable, and
actionable for policy. Future research work should explore
extensions to broader ecological domains, investigate dy-
namic retrieval strategies adaptive to query complexity, and
develop hybrid human-AI workflows that leverage uncer-
tainty quantification to optimally allocate valuable expert
validation resources. By demonstrating that principled in-
tegration of visual data, retrieved knowledge, and structured
reasoning can deliver both scalability and scientific credi-
bility, GROVE provides a foundational step toward robust,
evidence-based climate policy.
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Appendix
A. Complete Prompt Engineering Specifications
This appendix provides detailed prompt templates for
GROVE’s five-stage hierarchical reasoning pipeline,
demonstrating how RAG outputs are integrated with LLM
reasoning instructions.

A.1 Stage r1: Species Verification Prompt
The species verification stage receives a structured prompt

containing enhanced image features (leaf morphology, vena-
tion pattern, bark texture, branch structure), reported species
identifier, location with climate zone, and overall image
quality score. Retrieved scientific knowledge is injected in
attributed format, for example: ”[Source: Species Database
- Flora of North America, Relevance: 0.94] Quercus alba
typical characteristics include 7-9 rounded lobes, light gray
bark with shallow fissures, and range across Eastern North
America in USDA zones 3-9.” Additional retrievals provide
similar visual cases from previous assessments and common
misidentification warnings from taxonomic literature. The
task instruction asks the LLM to verify whether reported
species matches visual evidence by comparing observed fea-
tures with species-typical characteristics, assessing consis-
tency with geographic range and climate zone, evaluating
alternative species if discrepancies exist, and assigning con-
fidence level based on feature match quality. The prompt ex-
plicitly requires grounding verification in retrieved species
descriptions, citing specific sources when making taxo-
nomic claims, listing alternative candidate species if uncer-
tain, and noting any discrepancies between visual evidence
and reported species. Output follows JSON format contain-
ing species verification boolean, confidence score (0-1), de-
tailed reasoning with source citations, key matching fea-
tures, identified discrepancies, and alternative species can-
didates.

A.2 Stage r3: Allometric Equation Selection Prompt
The equation selection stage operates on verified species

from stage r1 and estimated measurements from stage r2, re-
ceiving DBH and height values with their associated uncer-
tainties, location, climate zone, urban density context, and
soil type information. Retrieved knowledge passages present
candidate allometric equations with full scientific context.
For instance, the Chave et al. 2014 pantropical equation
(AGB = 0.0673 × (ρ × DBH2 × H)0.976) is presented
with applicability scope (global, all climate zones), sample
size (4,004 trees across 58 sites), standard error (±12.5%),
and usage notes (requires wood density value). Similarly,
species-specific equations like McPherson et al. 2016 for
Quercus alba (C = 0.235 × DBH2.41) include urban set-
ting applicability (USDA zones 4-8), calibration details (427
urban trees across 12 US cities), and lower standard error
(±9.2%) indicating higher precision for urban contexts. The
prompt instructs the LLM to evaluate each equation’s ap-
plicability by assessing species match quality (exact versus
genus versus functional group), climate zone compatibility,
urban versus natural forest calibration appropriateness, and
measurement range validity, then compare expected accu-
racy based on sample sizes and reported standard errors, se-

lect the equation with best overall applicability, and explic-
itly justify why the selected equation is preferred over al-
ternatives. Requirements enforce citation of specific sources
for each equation considered, explicit comparison of at least
three candidate equations, justification for genus-level or
functional group equations when species-specific equations
are unavailable, and statement of expected uncertainty based
on reported standard errors. The structured JSON output
contains selected equation formula, source citation, detailed
reasoning explaining selection rationale with comparative
analysis, applicability score, alternative equations with their
pros and cons, and expected uncertainty range.

A.3 RAG-to-Prompt Integration Mechanism
The integration mechanism operates through selective

knowledge filtering tailored to each reasoning stage. For
stage i, the system first filters the complete retrieved knowl-
edge set K by stage-specific relevance criteria, retaining
only passages directly applicable to the current reasoning
task—for example, stage r3 (equation selection) prioritizes
species pathway and context pathway retrievals while fil-
tering out purely visual similarity cases. Retrieved passages
are sorted by composite relevance score incorporating query
similarity, source reliability weighting (peer-reviewed pa-
pers ranked higher than general databases), and recency fac-
tors (recent studies weighted higher to capture latest sci-
entific understanding). The system limits retention to the
top-5 most relevant passages to control prompt length while
maintaining information quality, preventing context window
overflow in the 7B parameter model. Each selected passage
undergoes formatting with explicit source attribution struc-
tured as ”[Source: author et al. year - publication, Relevance:
score] content”, enabling the LLM to evaluate source credi-
bility and appropriately weight different pieces of evidence.
The complete prompt assembles context section (enhanced
features, previous reasoning outputs, metadata), knowledge
section (attributed retrieved passages), task instruction sec-
tion (stage-specific reasoning goal), and constraint sec-
tion (output format requirements, uncertainty quantification
mandates) following the template structures demonstrated in
A.1 and A.2. Critically, retrieved knowledge is positioned
prominently before task instructions rather than after, as em-
pirical testing showed this ordering encourages the LLM to
consult provided scientific literature before attempting para-
metric recall, reducing hallucination rates and improving
grounding quality.

A.4 Design Principles and Validation
Four core principles guide our prompt engineering ap-

proach, validated through iterative development and abla-
tion studies. First, explicit knowledge grounding is enforced
through architectural choices—retrieved passages receive
prominent positioning and explicit source attribution, while
instructions explicitly require citing sources for scientific
claims. This design reduces the LLM’s reliance on poten-
tially outdated or incorrect parametric knowledge by making
retrieved information more salient than memorized patterns.
Second, source attribution enables credibility assessment
by providing publication metadata, relevance scores, and



sample size information alongside each retrieved passage,
allowing the LLM to appropriately weight peer-reviewed
equations with large sample sizes over database entries
with limited validation. Third, structured output enforce-
ment through JSON schema specification serves dual pur-
poses: facilitating automated parsing and validation of rea-
soning traces for quality control, and constraining the LLM’s
generation space to reduce hallucination and ensure consis-
tent output format across all predictions. Fourth, uncertainty
quantification requirements force explicit consideration of
confidence levels and error propagation throughout the rea-
soning chain rather than allowing the model to generate
point estimates without epistemic humility. These principles
collectively ensure GROVE’s predictions maintain scientific
rigor, enable expert validation through transparent reason-
ing traces, and provide appropriate uncertainty bounds for
policy-critical decision making in carbon monitoring appli-
cations.


